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PREFACE: A MESSAGE FROM THE LOCAL ORGANIZERS

On behalf of the Organizing Committee | am pleased to present
the proceedings of the 12th International Conference on Data
Envelopment Analysis (DEA) held in Kuala Lumpur, Malaysia in
April, 2014. This conference was proudly hosted by University
of Malaya. The conference attracted a record number of papers
from universities and industries in over 37 countries of the world
and 164 papers were selected for presentation at the conference.

Performance management is one of the cornerstones of business
excellence. Business excellence models encourage the use of
performance measures and consider the design of performance
measurement systems. This conference provides a platform for
scientists and researchers from all over the world to share their
ideas and present solutions to performance management and
measurement issues.

This conference collects the latest research results, developments
in DEA and applications of it to performance management in
public and private sectors. This volume of the DEA conference
proceeding contains a selection of 60 papers that were presented
during the 12th International Conference on DEA. The organizing
committee hopes that this proceeding will provide readers with a
broad overview of latest advances in research on efficiency and
productivity measurement, new methodological developments
and interesting applications.

We would like to express our sincere appreciation to all authors
for their contribution to this conference. A special thanks should
also be extended to the session chairs and all the reviewers who
gave the time to evaluate the submissions. Finally, we would also
like to thank the members of the organizing committee for the
time and energy devoted to making the DEA 2014 conference a
most worthy and enjoyable event for the international
participants.

AssociateProfessor Susilavlunisamy Doraisamy
Chair of the Organizing Committee

VI



VIl



TABLE OF CONTENTS

In the alphabetic order of titles

A COMPARISON OF DEA AND STATISTICAL REGR ESSION ANALYSIS IN EXPLORING
PROPERTY VALUE EFFECTS OF FERRY TERMINALS IN BRIS BANE ......cccooiiiiiiiiieeerreeeecce 1

BARBARA T H. YEN . .. ottt ettt ettt e e ettt e e et e e e e etb e e e e ebeee e s abbeeeaeabaeeeaatseeesaabaeeeasbeeeeanbaseessabeeeeasteeeeanns
CHI-HONG (PATRICK) TSALL..teutittteitettstettate sttt st st ese et se st st seeseabesees e ebesb e s e ebesb e st eb e e b e s e eb e nb e s b eb e nb e s e ebenb e s e ebenbeseebenbereebenne e
CORINNE IMULLEY ...ettii ettt e e ettt etee e e ettt e e ettt e e ekt e e e e e abe e e e eabeeeeeaateeeeaatseeeansseeeeaaseaeesabeeeeaseeeeaasbeeeesabbeeeaasteeeeanbaeeesssbneann
IMATTHEW BURKE . ......uttii ittt cieee e ettt ettt s e e e e ettt e e e eat et e e e bt e e e eatbee e e aataeeesatteeeaabsseeeaasaeeessbbeeeansbeeesasbeseesbbeeeansseeeeanses

A DYNAMIC NETWORK DEA MODEL: AN APPLICATIO N TO MEXICAN COMMERC IAL BANKS
BEFORE AND AFTER THE 2008 GLOBAL FINANCIA L CRISIS.........oiviiiiiiiiiiii e 9

FRANCISCO VARGAS SERRANOD .. ..iiiiiiiitttititeeetiiittaeteessssiitbsstesssssiiibbtssesssssssabassesseesssabbesesseesssatbbbesssesssasbbbesseesssssaste
LUIS RENTERIA GUERREROD. ... ciiiiiiiitttittteesssistbteteeesssiiatbaessesssasiabbasssseesssaabbbasseseessaa bbb bbeeeeessabbbbbeeeeessabbabbaeseessansbbbreeess
GENEVIEVE MARCHINT WAESELYNCK ...utttttiieeiiiiitiitieee e e s siibtatesss et ssssasssessesssasssssssssssssssssstssssssssssisssssssssssssissssssesesesns
(NN eI Oz =1 LT OO
PANAGIOTIS ZERVOPOULOS ... uvvviiieeiiiitttittteessssistastsessssssssastsesssssssssssessesssssssssssssessssssssssssssssssaisssesssessssissssesssessssssnns

A NEUTRAL DEA MODEL IN CELLULAR MANUFACT URING SYSTEMS WITH A SSIGNMENT
WORKER ettt e et e e e e e e e e e ean 15

REZA KIA ettt ettt e ettt e e e st e e e oa bt et e ek bt e e e an bt e e e oA Rt e e e e R R e e e e eREee e e e Ra e e e e aREteeennae e e e nnaeeeeanrreeennns
BABOOSHKA SHAVAZIPOUR.......uttiitteeittteiteesiteesseessteesssesssseessseessseeasseessseesssesssssesssesssseesssessseesssesssseesssessssesssseesssesssees
INTKBAKHSH JAVADIAN ....eieittiteiitteee sttt e ssstateestaeaeastteeessstaeeesssseeeaastseesassseeesssseeesasteeeeansseeesssseeeaassseeeansaseesssenessssseeennns

A NEW FRAMEWORK OF B ANKING RISK MANAGEME NT EFFICIENCY ANALYS IS: AN
INTEGRATED APPROACH BASED ON HEDGE ACCOUNTING AND DATA ENVEL OPMENT
ANALY SIS (DEA) oeeeeiiiiitieii ettt eet ettt a1 eees ettt e e e st e e e 4 e e s eeeb e et e e e e e e e e e e e e e e e e e e e e nree 21

SHAHSUZAN ZAKARIA ..ottiiiiee ittt e e e s tesiatbreteeessesibbaateeeesssatbbaateeeeessaas bbb aeeseeesaasbbtaesseessaaabbbssseesssssabbbaseeeessssasbbaaeeeeeaian
SARDAR IV N ISLAM Lottt ittt e et e e e et e bbb et e e e e e e s et bbb e e e s e e e sea bbb b b et e eeeesasbb b b e e e eeeseeabbbeaeeeeesssbbbaaeeeeeanan

A NEW LINK BETWEEN M OLP AND DEA MODELS I N THE PRESENCE OF UNDESIRABLE
L0 10 I U IR PO PP PPPPRPPPPP 29

AL EBRAHIMNEIAD ... .ueiiiitite e sttt e s stiteeestaeeesssteeesastaeeassteseesssseeeaasteeeeassaeeesssaeeeaasseeeeanseeeessseeeeasteeeaanseeeesnssenennsseeesnnnnns
YN I PR

A NON-RADIAL DATA ENVELOPM ENT ANALYSIS MODEL F OR WEIGHT GENERATION IN THE
ANALYTIC HIERARCHY P ROCESS ..ottt ettt e e e e 35

L ST VLY L] 1= T TR
S S Y =] = [ N T = 1O
FATEMEH ABBASI ....vtttiiiie et iiitt ittt e e e s ettt e e e e e s e st b atseeeeessab b b et e eeeeesaab b ae s e e eeessaab b b et eeseesse s bbb aeeseeesaasabbbeaseeesaasabbbenseaessssasees

A PERFORMANCE-BASED SUBSIDY ALLOCATION OF FERRY TRANSPORTATION: A DATA
ENVELOPMENT APPROACH ..ottt e e e 43

(1Y N LR\ T PR
I o U= T O = N T
(S0 1 5] 7Y TR

A TWO-STAGE DOUBLE BOOTSTRAP DATA ENVEL OPMENT ANALYSIS OF T ECHNICAL
EFFICIENCY OF RICE F ARMS IN GHANA L. it r e ee e e e e e e e e e e seeee 50

[R5 0107 @ L. 1 O TR
F AN N =TI 120 - 1 TR

AN ANALYSIS OF MICRO FINANCE EFFICIENCY: ASSET AND INTERMEDIA TION APPROACHES

VIl



USING THE DEA MODEL ...ttt smmmr e e e eee s 56

ELEANOR DOMINGO ....c.ctiieeieeieeie et asee st e st s e as s s s e s me e s se e se e s e ah e eR e e Rt e Rt e s e e s e e s R e e nEe e n R e e nReen st e mn e emeeaneenre e neenneannennnes
EMILYN CABANDA .....ceitteteeiee ittt st ase st e st as e s s e s me e s Ee e a R e e s e e s et eR e e ARt e AR e e R e e s R e e R R e 4R e e A Ee e A Re e Rt e et emn e emeenn e e e E e e neeneannennnes

AN INTEGRATED FUZZY DATA ENVELOPMENT ANA LYSIS AND DATA MININ G FOR
PERFORMANCE ASSESSMENT OF INSURANCE BRANCHES .........ccoiiiiie e 64

SOMAYEH SHAFAGHIZADEH .....uuttiiiiiii ittt ie e e e e s ettt e e e e e s et et e e e e e e s e bbbt et e e e e s sabb bbb e e e e eessasbb bbb aseasssssabbbaaseeesssssbbaaeeesessas
MAHDI YOUSEFI NEJAD ATTARL ... itttiiiieeiieittttt e e e e s e sttt ttt s e e s s sttt aatsaeasssiabbbateaeeessa bbb ateaessssabbbbbaseeesssasbbbbesseesssasbbabeness

APPLICATIONS OF NETW ORK DEA TO TRANSPORTATION .....oiiiiiiiiiiiiiiiiiiie i 75

=2 NSy N e Y N Lo T
Yol [ oL@ 1 1Y/ (0] =1 N 1R

ASSESSING TECHNICAL EFFICIENCY OF RICE P RODUCTION IN SELECTED GRANARYO6 S
MALAYSIA: AN APPLICA TION OF DATA ENVELOP MENT ANALYSIS (DEA) ..oovviiiiiiiieeeeecee 81

ENGKU ELINI ENGKU ARIFF .. uttiiiiiiiiiiiitietee e siiiitbaetees s st sibbsstessssssisbassessssssssssassesssesssassssssssssssaisstsesssessssisbrssseesssssssnes
R =L = N NIV K] o= N OO
[ =S TG =T U 1 RO TORTPUPRRRIN

BENCHMARKING THE PER FORMANCE OF FARMS USING THE EXPECTED MIN IMUM INPUT
FUNCTIONS: A ROBUST FRONTIER APPROACH ...ttt e e 87

AMIN WL IMUGERA . ...ttt a e s et e et e e e e st e e et e e e e st e e e e amt e e e e e s et e e e e s et e e e ante e e e enbeeeeaaste e e e antaeeeantbeeennteeeennnnes

CAN EDUCATION TARGET S BE MET WITHOUT INC REASING PUBLIC SPENDING? AN ANALYSIS
FOR BRAZILIAN MUNICI PALITIES ..ooiieiiiiiiiiiiie et e e e e 93

FABIANA ROCHA. .. ..ottt ettt ettt e e et e e e et e e e s bt e e e e et bae e e eabeeeeebbeeeeasbaeeeeabseeesbbaeeaasbeeeessaeeesssbeeesasreeeennes
PLINIO PORTELA DE OLIVEIRA ... tttt e ittt e e ettt e sttt e e e ettt e e s etaeeesbteeeaatbeeesassseeessbeeeaasteeeeaasseeesssaeaeasteeeessneeessaseeeeasteeeeanes
JANETE DUARTE ..oiiiiitiii e ittt e e ettt ett et e st e e e sttt e e s e aee e e e shbae e e e tteeeaastaeeesatbeee e sbeeeeanteeeesaseeeeesbeeeeanseeeessaeeeeanteeeenseeeeesnnens
SERGIO RICARDO DE BRITO GADELHA .....coiiiiiieiitiei ettt e ettt eettee e et e e ettt e e e satee e e s sbeeeeabeeeeeaabaeeessbeeeeeasteeeesnbaneessseneean
LUIS FELIPE VITAL NUNES PEREIRA ....cooiitite i itiee e ettt e ettt e e sttt e e ettt e e s ette e e e sttt e e e atee e e e aataeaessteeeeansteeessabaeeeantbeeeanseeeesannees

DATA ENVELOPMENT ANA LYSIS AND THE QUALIT Y FRONTIER FOR PUBLI C SERVICES......... 99
DAVID J. IMAYSTON ..t iitiiie ittt ittt e e ettt e e et e e st ee e st teeeessteeeessseeee e s teeeeansaeeeansee e e e s teeeeanseeeeannaeeeensseeeennsaeeesnnnneeennsneeennns
DATA FUSION OF ROCK BREAKAGE USING DATA ENVELOPMENT ANALYSIS ..., 105

LI LY Y I X0 == 1N SRR
JOHN JACKSON ... ettt iitteee s etteeeess et e e sateeeesstaeeeasteeeeaateeeesseaeeeanseeeeantaeeeasseeeeanseeeeeansaeeeansaeee e s eeeeeanseeeeennneeaeanteeeennneeeeennnnes
EMMANUEL IMANLAPIG ..vvteittitetitteee ettt e esteteesteeaeasstaeesssteseesssseaeaastseeeassseeesssseeesasseeesanssseessseeesnsssnssssnseesssseseesnsseeennns
N TN SRR

DEA EFFICIENCY AND F ORECASTING THE PRODUCTIVITY CHANGE WITH BROWNIAN
MOTION FOR CENTRAL B ANK OF MALAYSIA .ttt e e 111

(Y DA VA VO I = Y = N PR
IMIAZINAH IMLAT K ASIM ..ottt ettt e e ettt e e e s e e bbb e e e e e e e et ab b b et e e eeeesaab b b abeeeeeesaa bbb b b e eeeeesaabbabbeeeeessaabbbbbesseeessasbbbbeeess
RAZAMIN RAMLIL ..ttt ettt e e e e et e e e e e e st bbb et e e e e e e s e bbb et e e eeeesaabbbabeeseeessbb b b beeseessaasbbbaeaseeesseabbbeeeeaessssantes

DEA MODEL WITHOUT EX PLICIT INPUTS WITH M AJORITY PREFERENCE ...........cccccoiiiiiiiene. 117

(T8O R I 1N LT 7Y N
Y I 1210 114 =Y o R
RV A= = N R
[ N T N N L

DO PLAYERS PERFORMAN CE INDICATE TEAM PER FORMANCE: TURKISH B ASKETBALL
LEAGUE EXAMPLE ... ittt ettt e e e e e e e e e e s s e st e e e e e e e e e e e s e s s e eene e e e e e 124

[ 1Ny NI =7 TSR



AYHAN GOLCUKCU ...ttt ettt et et et et e e et et et et et et et et et et et et et et ete e et et et esese e asase e esan et et are st arareeeerenens

ECONOMIC EFFICIENCY IN MEXICO POR T TERMINALS, 2000-2010: AN ANALYSIS THROUGH
DATA ENVELOPMENT i e e e e e e e e e e e e e e e s s 130

CESAR L. NAVARRO-CHAVEZ ... uttiiiiii ittt ettt e e e e sttt e e e e e s s e bbbt e e e e e e s e e bbb b et e e e e s esbb b b e aeeessessbbbateeeeesssbbbaaesesessas
(O]5) =y m VA B = W= RO g = ey T

APPLICATION OF THE R OBUST FRONTIERS FOR MEASUREMENT OF THE E FFICIENCY OF
LITHUANIAN FAMILY FA  RMS .ot ee e 136

TOMAS BALEZENTIS ....ututtiiiieeiiiisttttteeessssiasbastsssssssasssssssssssssassssssssssssssssssssassesessasssbbasseessssassbaaseeesssssbbbabesssesssasbbbbaness

EFFICIENCY AND STABI LITY ASSESSMENT OF THE YEMENI BANKING SE CTOR USING DATA
ENVELOPMENT WINDOW A NALYSIS (DEWA) ...coiiiieiiiiee it eireee et seessne e 144

FEKRI ALI MOHAMMED SHAWTARI ...utttitiiee ittt e e e e s e sibbasteesesssaabbassesseessabbassesseessaasbbbseesesssaaabbbaasseessassbbbeseeesssasstes
MOHAMED ARIFF ABDUL KAREEM . ...uttiiiiiiiiiittiiiee e s siiibtet e e s e s s titbbetessesssaabbbaaeeseessabbbaseeseessaabbbbbesseesssabbbbaeseesssasbbbreneas
SHAIKH HAMZAH ABDUL RAZAK 11vviiiiiiiiiiitii ettt ettt sttt e e s e e st e e bbb e e e e e s s e s bbb b e e e e e e e e s iab b b e b e e e e e s ssabbabeeeeeeian

EFFICIENCY AS SESSMENT OF SECONDARY LEVEL PUBLIC HOSPI TALS OF UTARAKHAND
(INDIA) .ot veeee et e e e e e e eenes e et e s e e eee s e e eee e et eeet e st e et et e s e s e s eeetreems e e en et eteee e eseenenes 154

SANDEEP KUMAR IMOGHA ...ttt ittt ettt e e e e e sttt e e e e e s e s bbbt e e e e e e saa bbbt b e e s e e e s sasab b b e e s eessesabbbaeseeessssabbabaeeeseesss
R AV RN T 0 I 7 0 Y\ VT
T 11T TR

EFFICIE NCY MEASUREMENT OF PHARMACEUTICAL INDUST RY USING THE MALMQUI ST
TOTAL PRODUCTIVITY | NDEX ...coiiiiiiiiiiiiie ittt e et e s seen e e e e e e s 162

SUSILA MUNISAMY DORAISAMY ..vvviiiiiiiiititiiiee et e siititeteeeesssisaaatsasesssssbssteesesssaaabttesseesssasbbsseseessssiasbbatssessssssbretesesessns
(Y DN = U I N I Y Y AV o RO

ENVIRONMENTAL PERFOR MANCE OF ASEAN .....coiiiiiiiiiiiie ettt 174

ROSSAZANA AB-RAHIM .....oiiitttiiiie ittt et cei et e e e e ettt e e e e et s e b bbbt eeeees s st b b abeeseessaas b b abeeeeessasabbaesseeesasabbanseeesssesastes
DYG-AFFIZZAH AWG-IMARIKAN ......ciiiittieiieeeeiiitttetee e e et siitbesteeeessiaibbesseeseesssabbatetsessssabbtseeseessaasbbbesssesssasibbbesseesssssistes

ESTIMATING COST EFFI CIENCY (CE) AND ALLO CATIVE EFFICIENCY (A E) OF THE FLOUR
MILLS OF THE GRAIN S ILOS AND FLOUR MILLS ORGANISATION (GSFMO) IN SAUDI ARABIA

=] 3 A 2N 1 T
STEPHEN RAMSDEN ....uuutiiiiieeiieitttiit i e e e s e ettt et e e e seseabbeeteeeesssaabbaateeeeessaasabaaeeseessaasastaesseeeseasabbaeeseessssabbbeesseessssasbbaaesesesssn
PAUL WILSON ..ttt e ettt e e e ettt ettt e e e e e e bttt e e e e ee s ab b e e teeeeessab b eeteeseee s asbeateaseesssasbbeeeesesssasabebeasseessesnbbbenseasssesante

ESTIMATING THE PERFO RMANCE EVALUATION OF INTERNATIONAL AIRPOR TS OF IRAN
USING KAM IN DATA EN VELOPMENT ANALYSIS ... 188

PARVIZ IMOHSENPOUR ....occiiittttiitie e e ieiittiet s e e e s e siabbastseessssiabbasaeaaesesabbaaseeeeessabbbasesseesssb bbb aeaseessaasbbbbeaseessassabbbenseasssssaste
ZAHRA IMOHSENPOUR ... cutttiiiieiiiiiittbtttee e e s e sisbaeteseeessabbaaeeeseessasbbbaeeseesssasbbbaeeseeese s bbb baseeesessaab b babeeeeeesaabbbabeaeeeessasbbbbaeess
DARIUSH KHEZRIMOTLAGH ...utttiiiiie it iiittiet e e e e seeibbaet s e e s s s siabbasteeseessaabbaeseeeeessabbbabeeseesssab bbb beeseeessasabbbasesesssasabbbeaseesssssastes

EVALUATING EFFICIENC Y AND PRODUCTIVITY O F ACADEMIC DEPARTMEN TS........ccvvvveeeeeen. 194

INUR AZLINA ABD AZIZ .ottt ettt ettt e e e e e st bt e e e e e e s e b et e e e e e e s e bbb et e e s e e e s eab b bbb eeeeeesessbbbbeeseeesassbbbaeaeeaessesantes
ROZIAH IMOHD JANOR. ......ciiittttiit e et e st ettt e e e s e s ettt e e e e se s e bt et teeeesssaas b teteaeessssasbbatessessseasbeeeeasesssasabeaesseesssssabbbeessasssssarte
RN [0 TR/ N | TSR

EVALUATING PERFORMAN CE BY TWO-STAGE DEA MODEL OF L EADER-FOLLOWER: AN
APPLICATION OF TAIWA NESE SEMICONDUCTOR INDUSTRY .....ccoiiiiiiiiiiiiiieieeeee e 200

(OF 2 11N T O =1 T3 U T
NN [ = SRR
(Y TN TR (0N N R 5 AU PR



YUNG-HO CHIU .ttt E e et e e et e Rt e R e e R e e Rt e Rt e s et e s e e s b e e s Re e s R e e nneenneenreanrenneenreen
HUIFJUNG LU ettt e R R e Rt s e e e R e n Rt e Rt e et et em e nm e e b e e r e e ne e e

EVALUATING THE PERFO RMANCE OF CUSTOMS CLEARANCE AGENTS: A CASE STUDY IN
THAILAND ettt e e oo e e ettt et e e e e e e e e 4o et e e e ee e e e e e e 1 e s s e bbb e e e s e e e e s n e 208

PATCHARAPORN NEAMMANEE ... ...cciiititttittteeeeiiittteteeessssisbasteasssssibbasteasessssasbbstessessssasbbassssessssasbbbasssesssssabbbesssasssssisees
WWALAILAK ATTHIRAWONG . .....ccitiitttiiiie e e e e stbttt e e e e s s siasbaatsssesssasbsbassseesssssabbsesseesssaabbbasseessssasbbbaseeessesabbbabessesssaasbbbbensss

FDI AND EFFICIENCY C ONVERGENCE IN VIETNA MESE MANUFACTURING | NDUSTRY ........... 216

NGUYEN KHAC IMIINH ..ottt ettt ettt e e et e e et e e e e etb b e e e aabeeeesbbeeeaatbaeeeaabseeessbeaeaasbeeeeanbaseesaabeeaeasteeeeanns
NGUYEN VIET HUNG .. ..ottt ettt e e et e ettt e e e ettt e e e eaba e e e e ebbe e e e atbaeeeeabeeeesabaeeaasbeeeeanbaseesaabeeeessbaeeeanns
PHAM VAN KHANH ...ttt s e s ae e sate e stbeesaeeestaeeaaeeessbeeaaeeessbeeaseee st eeeaaee e st eeesaeeesaeeeseeestaeesaeeessbeesabeeaneeenrees
L O 10 N = [ PSRRI

FERTILIZER USE EFFIC IENCY OF RICE FARMS IN SRI LANKA: A SLAC K-BASED DEA ANALYSIS

IMANOJ THIBBOTUWAWA .. .ttttetieeiiiitttreee e e et saitsbbeeteeeesasiabbaeseesesasabbaaseeeeessaab b basseeeeesaa bbb beeeeeessaabb b b baeeeessabbbbbaeseesssasbbabeeess
AMIN W, IMIUGERA .11ttt ettt e sttt et e e e st e b bbb e e e e e e s ea bbb b e e e e e e e s e bbb b aeeeeeeessa bbb aaeeeeeesaa bbb b beeseeesaaabbbeaeeeeseesanees

HOW TO SELECT AN EPSILON TO APPLY KOUROS H AND ARASH MODEL IN DATA
ENVELOPMENT ANALYSIS oottt et e e e e 230

DARIUSH KHEZRIMOTLAGH ...ttt iutteteiittieeesiate e sstteaeastteesssstaseesssseeeassseessansseeesssseeesasteeeeassaseesssseeesastseeessaneessssenessssseeennns

IMPACT OF PUBLIC SUB SIDIES ON FARM TECHN ICAL EFFICIENCY: AB AYESIAN META -
AN ALY SIS i e e e e ettt ettt e e te e rrreer e et e e eee s 236

JEAN JOSEPH IMHINVIEL ...uvvvtiiiie e sttt e e e e ettt e e e e e s eatb ittt et e e e s s st bbbt e e s e e e s essab b b eeeeeeseasab b ba b e e e e e s sasbbbebeeeesesaabbbabeessesssasbbebeenas
] Iy 2T = = RPN

IMPACT OF REGULATION AND SUPERVISION ON BANK EFFICIENCY: EVI DENCE FROM
TURKEY AND RUSSIA L.t ere s e e e et e e et e e s ses b s e e e et et e e e teeae e e e s smmmneees 242

DENIZ AKUN ERGUN ... ..ottt ettt e e et e e e e e s s e bt b e e e e e s s e e s b bbb e e e eeesaaabbbeeeeeesasabbbeaeeessessastes
OZLEM OLGU AKDENIZ ... vttt ettt e e et e e e ea e e e s s b e e e e e bt e e e s ebbe e e s sabaeessbbeessabbasessrbeeeas

IMPROVING THE DISCRI MINATION POWER THROU GH COMPROMISE SOLUTI ON APPROACH:
MALAYSIAN BANKS AS | LLUSTRATION .ottt ieee e eeeeees 250

o (T8 1N o e N PSSR
YL@ T LSS I = 1 | PR

INPUT ORIENTED TECHN ICAL EFFICIENCY AND INPUT SLACK OF INDIA N PHARMACEUTICAL
INDUSTRY: EVIDENCE F ROM NON PARAMETRIC D ATA ENVELOPMENT ANAL YSIS......ccccco.... 256

CHANDRIMA CHAKRABORTY ...utttttitteiiiiitttttteesseiistsstessesssiissasssssssssassssssessesssasisssssssssssssisstsssssessssissssesssesessisssssesesesns
P L] 7N T [0 1] =TT

INTERSTATE VARIATION OF EFFICIENCY OF ELEMEN TARY EDUCATION IN IN DIA: A META
FRONTIER AND GROUP FRONTIER ANALYSIS ..ot 262

AARPITA GHOSE ...ttt sttt h ettt e h bbbt e b bR b b e b e b e b e b e b e bt e b e e bt e b e b e b e bt e e et e nrenn e
MALAYSIA FROM PSPTN PERSPECTIVE USING DATA ENVELOPMENT ANALY SIS (DEA).......... 268
VAN ROHAIDA WAN HUSAIN ...ttt et seseseseesesesssssse st sesesesessssssssssssasesesesesesesessssssnsesesesesesesessssnsnsnsasasns
MEASUREMENT OF RETUR NS TO SCALE IN THE RADIAL DEA MODELS ........cooviiiiiiiieee e, 274

VLADIMIR E. KRIVONOZHKO ....ooviiiitiiiiiiiti ittt st a e bbb
FINN R FGRSUND ...ttt b e bbb bbb bbbt bbb
ANDREY V. LYCHEV ..ottt bbb bbb bbb bbb bbb

MEASURING EFFICIENCY AND EFFEC TIVENESS OF TRANSPORT SERVICE: A NOVEL

Xl



Y el e o 7 O PP 284

LRy ay= Y YN I TR = R
I L= N ot =Y AR 1 N
R OO 18] N O T o ] U IR

MODIFIED CENTRALIZED RESOURCE ALLOCATION M ODEL WITH VARIABLE R ETURN TO
SCALE FOR FUZZY DAT A ottt eee e e e e e e e e e n e e e e eas 292

MOZHGAN MANSOURI KKALEIBAR ... .uttiiiieeiiiitttittie e e s e siatb ittt s e e e s e siabbbetseessssabbbaeeeseesssabbaabeseessssbbbbbeseeesssasbbbbaeseesssasbbabeness
PN I AN 2 [ VY = T URRRRRT
SAHAND DANESHVAR ...vttiiiie ettt e e s e sttt e e e e e e s eb bt e e e e e s st e b b et teeeeesssasbbbaeeseeesaab bbb besseesssasabbbeeseessssabbbaaseeessssbbbaaesesessas

NEW INSIGHTS ON ESTIM ATING MOST PRODUCTIV E SCALE SIZE IN DEA .....ccccccoviiiiiiee 298

ROBABEH ESLAMI . ...eiiiittii ittt ettt e e et e e st e e e ettt e e s e st et e e s bt e e e e abbeeeeasbeeeesabbeeeabbeeessaseesessbeeesebbeeesssbaseesssbeeesasbeneesnn
IMOHAMMAD KHOWVEY NI utttiiiiieeiieititteet e e et seiitbseseesssssiabbssssesesssiabbsssesssessaabbbssseessssabbrsseeseessabbbbbaeseessaasbbbbaeseesssasbrareneas

NEW INSIGHTS ON RECOGNIZING STRONG AND W EAK CONGESTION SLACK BASED IN DEA 306

IMOHAMMAD KHOWVEY NI . uttttitiieiiiiititteeee e et ssiistbeeteesssssiasbssssesssssiabbsssessssssaasbsaseeeeessabbbbseeesessab bbb basseesssasbbbbeeseesssabrbreeess
ROBABEH ESLAMI .. .uttiiiiiiiiiiiitiiet et seiit bttt e e e s e et ae e e e e e s e s eab b b e b e e s e e s s sb b b e s eeeeee s s b b bbb eesee s s e s b bbb e e e eessaasabbbaaseeessesabbbeaeeaseeasastes

PRODUCTIVITY GROWTH IN MALAYSIAN MANUFAC TURING SECTOR: A TWO STAGE
ANALYSES OF THE MALM QUIST LUENBERGER PRODUCTIVITY INDEX .....oitiiiiiiiiiiiiieieeees i 312

SUSILA MUNISAMY DORAISAMY ...cuviiiieeitteesieeestteasteeateeastesastssassesassesaasesasssaasesasssassessssesanssssssssassessssssesessssesenessssns
INOOR ASIAH RAMLI ..ttt ettt sttt et s e e et e e s satat e e s bt e e et b e e e e anteeeesass e e e e s be e e e aseeeeesnsseeeesbeeeeansaeeesssnneeeanteeeennns

RESEARCH ON OUTPUT STRUCTURE EFFICIENCY BASED ONDEA.........coooiiiiiieeee s 320

IMIINGXIANG LU ..ottt ettt et e e st e e e ettt e e s ebte e e e eab e e e e ebbeeeeaabaeeessbeeeeasteeessabeeesanbbeeeaseeeeennres
N NN 174 o | = L USSP
DAIYIN XIE ... oottt ettt e e e e e e et e e e et e e s bb e e e e tbeeeeasbeeeesbeeeeaasteeeeaaseeeesaeeeeeasbeeeeansneeessaseeeeasteeeeanns
WUQING ZHAING ..ottt e e e e e e bbb et e e e e e e e b bbb et e e e e e e aa bbb aeeeeeeesas b bbbt eeeeeesaabbabeeeseeseasbbabeeeas

SEAPORT RISK ASSESSMENT: A NON PARAMETRI C APPROACH ......cccciiiiiiiiiiiiicciieeeeee 328

N T B\ (0] NG L 2 PR
MUHAMAMAD ZALY SHAH MUHAMMAD HUSSEIN, .....uuvveiiieeiiiiitiieiiee e e e settteeeeeessssstasessssssssssssssesssesssssssssesssessssssssesss
WAN MUHAMAD AMIR WAN AHMAD ...eeiiiiiiiiititeiieee e e seetttets e e et sssatsetseeasssssbaetseassssisssaatesessssssabeseesessssssstresssessssssees

SECOND STAGE ADJUSTMENT FOR FIRM HETEROG ENEITY IN DEA: A NOV EL APPROACH
USED IN REGULATION O F NORWEGIAN ELECTRIC ITY DSOS .....cooiiiiiiiiiiiiieieeee e 334

ROAR AMUNDSVEEN........0eiiiititeeiteeeeeetteeeeeeteeeesetteeeaesteeeaataeeeseseeeeaasteeeeassesesasseeeaasteseeasssseesasseeesasseeeeasaseessssenesasseeeennns
(O T = ] = = o o Y Y\ T TSR
HILDE IMIARIT KVILE ... ttie ettt et ettt e ettt e e et e e st hb e e e e ekt e e e e aateeeesabeeeeakteeeeaaseeeesasaeeeasbeeeeansaeeesssbaeeeasseeeeanns
TORE LANGSET .. utiiiiitiee e i ittt e e ettt e ettt e e et e e e et tee e e e eateeeesabeeeeateeeeaastaeeesabeeeeaasbeeeeaasaeeessseeeeaasbeeeeanseeeessabeeeeastbeeessseeessnrens

SUPPLIER SELECTION UNDER FUZZY ENVIRONME NT: A HYBRID MODEL U SING KAM IN DEA

ALIREZA FALLAHPOUR ....oooittttiitie e et ettt e e e e e st ettt bt e s e e st ebbab it et s e e e s aabb b b et e eeaseaabbbesseeessssab b b ateeeeessassbbbbeeseessaasbbbbeaseessessanees
EZUTAH UDONCY OLUGU ....uittiiiiiii ittt e e sttt e e e e ettt a st e e e e e st eab b b et e e e e e e s sbbaabeeseessaabbbbbeeseeesassbbbbeaseeesassbbbaeaeeasssesantes
SITINURMAYA IMUSA ...ttt ettt e e e e e s ettt e e e s et et b e teesessssasba s eeeseessaasabtbeeseeessaabbaeeseesssssabbbeesaeessssasbbateeesessan
DARIUSH KHEZRIMOTLAGH .. vtttvetieeeseeitttetteessasistaetseessssssssestsasssssassastessesssssssratessessssasbessesssssssasssssesssesssssasrsesssasssesaees
S U ST 1N TP

TECHNICAL EFFICIENCY AND TECHNOLOGY ADOPT ION: A STUDY OF ORGA NIC FARMING IN
THE FRENCH DAIRY SEC TOR ..ottt ittt e e e e e e e e e e e e 350

(] Iy 12U = = PR
(O = I\ VXU L] =TT
N NN I B {0 ) OO



TECHNICAL EFFICIENCY OF RICE AND WHEAT PR ODUCTION: EVIDENCE FROM DATA
ENVELOPMENT ANALYSIS USING INDIAN DATA i 356

[T 1 NN N 7
P L] 7N €1 T 1S TR

TECHNICAL EFFICIENCY OF SMALLHOLDER CROP PRODUCTION IN GHANA: AN
APPLICATION OF BOOTS TRAP DEA ...ttt ettt a e nnee e e e 362

[0S N N 2T Y N TR
F N N = 2 V- T URTRURRRT
F N TN R A R 1Y, LT =1 = N TR

TESTING THE BEST DESIGN FOR FEMALE CALF GROWTH WITH DEA ..., 370

AYHAN GOLCUKCU ...ttt ettt ettt ettt ettt n e et et e e st et ettt n s et es et e aeens
L Y= O 2 4 1N AN PSR PR
HASAN BALL ..ottt e et e e st e e e e sttt e e e e ate e e e s stt e e e e st e e e e aseeeee s beeee ek teeeeanteeeeaneeeeeaRtreeeaneeeeearbeeeeanrreeeann
SAID BILGINTURAN ... ..ottt ettt ettt ettt ettt ettt e s et et et et et et et e e et e e s et et et st et et e e et eteesen e e e sseseeseeneenenens

THE COMPARISON OF CCRCOR MODEL WITH SOME OTHER MODELS ..o 376

EMINE DEMET MECIT oottt ettt ettt ettt e et atteee et et eae et et ee e e ee e et e et estete et et ese et enteeeesenteeees et eneeeeeeeeeeenes
THSAN AL .o eeee ettt et et e ee et e e e eeeeteaeeaeeeseeeseseeseessesseaseaseansessesseseeseeaeeaseanseneesseseeseeseeaeeeneereeseseeseeneeeneensereenseseenseseeseens

THE COST EFFICIENCY OF REGIONAL PUBLIC H OSPITALS IN SOUTH KOREA .......ccooovveeeiinnnn, 382

1Y/ (10 N B LYY= = LY TR
N LT 1Y/ 0] G 1 L TR

THE EFFICIENCY OF INV ITING FOREIGN INVEST MENT IN CITIES OF EC ONOMIC ZONE ON
THE BASIS OF DEA ..ot ee e 388

THE EFFICIENCY OF WA QF COLLECTION AND DI STRIBUTION OF MALAYSIA STATE OF
ISLAMIC RELIGION COU NCILS (SIRCS): A TWO-STAGE ANALYSIS ....oooiiiiiiiiiireieeee e 394

HAZRIAH HASAN L.ttt ettt e e e et e e e e e e st bbb e e e e e e e s e bbb et e e e e e e s e bbbabeeseeesaasb b b beeeeeesaasabbbeeseeessesabbbeeeeeessesaste
(RS T AN 1 7Y o 2T

THE IMPACT OF PUBLIC EXPENDITURES EFFICIE NCY ON PRIVATE INVES TMENT .......cccocee.... 400

SALLAHUDDIN HASSAN ....tiiitttiieeeieesteeate e asteeasteeesteeeteeateeasseeaseeastee e saeastseaseeessseeseeasteeansaeesteeanseeasseeanseeeteeensneesres
MOHD ZAINT ABDUL KARIM ... itieeeitiieessteteesteee e st e e s sataeessstseeeansteeeaasseeeessseeeeasseeesansaeeesssseeeaasteeeesnseneesnsseeesnseneesnnsens

THE TECHNICAL EFFICI ENCY OF MERGERS AND ACQUISITIONS TELECOM MUNICATION
COMPANIES: EVIDENCE FROM ASEAN .....cociiiiiiiiiiiieeee e sinnneneeseesseninnnnnneneeeee e eneenn 400

WVWAN ANISABANUM SALLEH .....uuviiiiiiiiesitieeeeitte e e e sttee e e steeeeaeteeeeaaateeaesbseeeaasteeeeassaseessseeaaasbeeeeaassaseessbasaeasteeeesaseseessnsens
WAN MANSOR WAN IMAHNMOOD ......uviiiiiiieeeiiiie e ciee e s sttt e e ettt e e e eatee e e sbeeeeastbeeeeaabaeeessseeeaasbeeeeassesessabaeaeasteeeesaseseessnsens
FADZLAN SUFIAN . ....ceiiiittii ittt e e e ettt e e et e e st e e e e stbeeeeeataeeesebeeeeaasbeeeeaasseeesbseeeaasbeeeeanseseessseaeeasbseeeanseseesssbeeeeasseeeeanns
GOPALA KRISHNAN SEKHARAN NAIR ... ..oiiiiiiiii ittt e e ettt e e ettee e e et e e e e ette e e e sateeessbeeeeasbteeeaasbeeeessbeeeesasteeeesbaeeesasbeeens

TOTAL FACTOR PRODUCT IVITY GROWTH OF INDI AN DRUG AND PHARMACE UTICAL
INDUS T RY ittt e et e et e eee s e e e et ettt et e e e e e e e e e s samt et ettt e e te e e e e e et e et ae s s ammn e e e e eeeeeneenaenanane 412

YN L0 LY 1Y N7 N T
[N S A Y 0 =3 7N TR
T 11111 T

X1



XV



XV



A COMPARISON OF DEA AND STATISTICAL REGRESSI ON ANALYSIS IN
EXPLORING PROPERTY VALUE EFFECTS OF FERRY TERMINALS IN
BRISBANE

BARBARA T.H. Y EN
Urban Research Program, Griffith University, 170 Kessels Road, Nathan, Brisbane, Queensland 4111, Australia,
(corresponding Author)

CHI-HONG (PATRICK) TSAI
Institute of Transport and Logistics Studies, the University of Sydney Business School

CORINNE MULLEY
Institute of Transport and Logistics Studies, the University of Sydney Business School

MATTHEW BURKE
Urban Research Program, Griffith University

ABSTRACT

Property value effects of urban river ferriesathrun linear services to multiple stops are not well understood.

Bri sbhaneds CityCat, CityHopper and CityFer hisepapert oget he
employsthe Data Envelopment Analysis (DEApproachto measure the property e effectof that system. The

prediction performance of DEA is then compared with statistical regression methods. The research findings suggest

that DEA has the capability of portfolio analysis to understand which types of properties benefit fromythe fer

service more. By contrast, the statistical regression models have the better flexibility in selecting the explanatory
variables and greater power in identifying the magnitude of impact on property price from each of explanatory
variable. This researchheds light on how DEA can be applied as a tool to evaluate the relationship between
property value and price determinants, which has been conventionally undertaken by statistical regression methods.

Keywords data envelopment analyqIBEA); statistical regression property value effects

INTRODUCTION

Many cities have introduced linear passenger ferry systems providing frequent services along rivers or
parallel to shorelines, servicing multiple stops (Thompson et al., 2006). Key examples are the East River
Ferry in New York, the Chao Praya Express in Bangkok, and the CityCat ferries in Brisbane, Australia. In
Brisbane and in New York, these systems are seen as helping stimulate urban land (re)development. This
paper explores the relationships between property value and the ferries in Brisbane as part of broader
research on public transport and land value effects.

In order to measure the property effects Data Envelopment Analysis (DEA) modeling is applied. DEA is
a non-parametric technique that employs the linear programming method to determine relative
efficiencies of a set of homogeneous and comparable observations (Chiou et al., 2012). DEA provides an
objective measure of the observed units to two simultaneous perspectives: maximization of outputs and
minimization of inputs. In this paper apply the value estimation made by DEA, Regression Analysis
(RA), Geographically Weighted Regression (GWR) and real estate data over a geographic data basis of
Brisbane ferry systems and analyze them comparatively. We use GIS to visualize the DEA analysis
results.



The rest of this paper is organized as follows. Section 2 addresses the methodology adopted. The
empirical study is conducted in Section 3. The paper concludes with a discussion as to what the results
may mean for broader transport and land use policy and practice, and avenues for further research.

METHODOLOGY : DEA vs. RA

Data envelopment analysis

DEA was initially developed as a method for assessing the comparative efficiencies of organizational
units. The key feature which makes the units comparable is that they perform the same function in terms
of the kinds of inputs they use and the types of outputs they produce.

DEA was first developed by Charnes, Cooper and Rhodes (1978), who established a linear combination
of outputs and inputs to measure the efficiency for observations by integrating the outputs/inputs ration
efficiency measure (henceforth, CCR model). CCR model is under the assumption of constant returns to
scale (CRS) production technology. Banker, Charnes and Cooper (1984) relaxed this CRS constrain to
variable returns to scale (VRS) technology by adding convexity constraint (henceforth, BCC model).
Under VRS assumption, BCC model could identify each observation is performing in region of
increasing, constant or decreasing returns to scale with multiple inputs and multiple outputs. These two
model forms are illustrated as following.

[BCC] Min 2 D
stz - a x/;20, =123 ,m 2
i
] ykr+é y./.20,r=123 s 3
i
/,20,i=123 ,n (4)
A1/ =1 (5)

i=1
The combination of equation from Eq. (1)-(4) and (1)-(5) form the CCR and BCC models, respectively.

Satistical regression analysis

In recent years, hedonic method is used for investigating the property value effect. More recently, hedonic
method is developed in from using an RA, more specific ordinary least squares (OLS) methodology.
However, OLS method fails to reveal spatial variability due to assumption of relationships between
variables are consistent geographically.

In order to investigate property value effect with geographical effects, GWR is adopted in this study.
GWR (Fotheringham et al., 2002) recognises that relationships between variables are likely to vary across
space. For public transport infrastructure, Du and Mulley (2006) first applied GWR to investigate the
relationship between transport accessibility and land value in England for light rail. GWR is most
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conveniently explained by reference to a traditional cross-sectional regression model (Fotheringham et al.,
2002), with this model written as

Y =b+a X b;b; +€ (7
j

The GWR methodology expands this model to a form which allows for local variations in the parameter
values which take account of the coordinates of individual regression points. If the dependent variable has
the coordinates (u;,v;) the model expressed in Eq.(7) above can be rewritten as the following GWR local

model:

yi(ui’vi):bo(uhvi)-'-a Xijbj(uivvi)bij +6 (8)

J

The parameters are estimated at the location (u,v,) using a weighted least squares method and a
predicted value of y. effectively giving a regression at each point of the dataset.

EFFICIENCY ANALYSIS
Data

Property prices are determined by three major characteristics: 1) the internal characteristics of the
property; 2) the neighbourhood in which it is located and; 3) the accessibility of the property location. The
interest of this paper is measured the property value effect from linear ferry system. Burke and Brown
(2007) identified that the 85th percentile access to Brisbane ferry terminals was known to be 1.54km.
Therefore, the study area was defined by a 2 km buffer either side of the centre line of the river. This was
chosen to ensure that all properties that could be affected by accessibility to terminals were captured.

The output/dependent variable are 2011 transaction price data from RPdata which combines data from
different sources to provide details of the transaction price, property type (house or unit), area size,
number of bedrooms and bathrooms and the number of parking places. The study area included 2,832
observations on house prices for analysis. The sample of case study is identical as Tsai et al. (2014).

The internal characteristics of the property include the number of bedrooms, and whether the property is a
house or unit. The neighborhood features were controlled by a number of demographic variables which is
collected at the smallest geography available in Australia from the 2011 Census. Each sample in study
area was linked to the associated demographic variables.

Accessibility variables were calculated using GIS and are the network distances for each variable
including to the nearest bus rapid transit (BRT) stop, to the central business district (CBD), to the nearest
ferry wharf and to the nearest train station. The distance to the nearest BRT stop was removed from the
analysis since this is highly correlated with distance to the CBD (r=0.901, significant at the 1% level).
Table 1 shows the descriptive statistics for the data.



Table 1: Descriptive statistics of variables

Variable Unit of measurement Minimum Maximum Mean Std. Deviation
Price 3 96,500.00 4,800,000.00 645,582.79 413,621.38
Bedrooms number 0.00 9.00 2.65 1.09
Type House/Unit 0.00 1.00 0.48 0.50
Unemployment % unemployed persons 0.00 0.21 0.05 0.03
BRT km 0.21 8.86 2.94 1.75
CBD km 0.41 10.98 4,53 2.22
ferry km 0.01 5.54 1.59 0.94
train km 0.02 4,96 1.48 0.83

DEA anpirical results

In line with formulae (1)-(5), Table 2 report the performance of each property types and compares the
performance under different property types. It is clear from Table 2, small bedroom properties, 1 bedroom
units and 1~2 bedroom houses, will have higher performance index. The research findings indicate that
the DEA has the capability of portfolio analysis to understand which types of properties benefit from the
ferry service.

Table 2: Performance indexand Distribution under each property type by DEA model

Property type all Unit House
Number of bedrooms all 1 2 3+ 1-2 3 4 5+
Number of properties 2837 264 841 270 309 657 334 162
Mean 0.412 0.698 0.388 0.301 0.600 0.344 0.303 0.397
Max 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Min 0.073 0.257 0.155 0.106 0.274 0.126 0.105 0.073

<0.4 61.72% | 3.03% 68.25% 81.11% | 20.06% 76.86% 82.63% 66.05%
Performance  0.4-0.6 | 20.66% | 29.92% 23.31% 8.89% | 38.83% 16.74% 10.48% 13.58%

index 0.6-0.8 9.73% | 40.91% 523% 3.70% | 19.09% 4.26% 3.59%  9.26%
distribution ~ 0.8-0.99 3.88% | 18.94% 1.78% 259% | 8.41% 0.61% 0.90% 3.09%
1 402% | 7.20% 1.43% 3.70% | 13.59% 152% 2.40% 8.02%

GWR enpirical results

The house price is the dependent variable which is related to explanatory variables as shown in Eq.(9)
where C, N and T are respectively vectors of the internal property characteristics, neighbourhood features
and transport accessibility measures.

P=f(C,N,T)GE 9)

where P represents the transaction price for home i, f(C,N,T) is the frontier and TE defines the

technical efficiency (the ratio of the observed selling price that the home sold for to the maximum feasible
price) (Samaha and Kamakura, 2008). Thus, the observed selling price of a home, P, reaches its

maximum feasible value of f(C,N,T)only when TE =1. Otherwise, TE <1 provides a measure of the
shortfall of observed price from the maximum feasible price. Table 3 reports the GWR results. From



Table 3, GWR has better flexibility in selecting the explanatory variables and greater power in identifying
the magnitude of impact on property price from each of the explanatory variables.

Table 3: GWR model results

Variables Coefficient Standard Error t-value
Constant 622645.50 44567.54 -2.06
Bedrooms 110177.70 7521.89 14.65
Type -123879.00 13901.71 -8.91
Unemployment 565172.60 261648.90 2.16
CBD -14858.00 2964.72 -5.01
ferry -44268.30 6609.18 -6.70
train 24128.91 7312.67 3.30
Observations 2,832 Adj. R-squared 0.53

Table 4 report the performance of each property types and compares the performance under different
property types. It is clear from Table 4, small bedroom properties, 1 bedroom units and 1~2 bedroom
houses, will have higher performance index.

Table 4: Performance indexand Distribution under each property type by GWR model

Property type all Unit House
Number of bedrooms all 1 2 3+ 1-2 3 4 5+
Number of properties 2837 264 841 270 309 657 334 162
Mean 0.191 0.422 0.248 0.367 0.234 0.191 0.183 0.252
Max 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Min 0.001 0.001 0.073 0.143 0.001 0.001 0.001 0.001

<0.4 88.30% | 46.20% 94.00% 69.40% | 93.40% 97.40% 96.70% 84.70%
Performance  0.4-0.6 | 10.00% | 46.80%  5.40% 26.50% | 5.30% 1.80% 2.40% 11.60%

index 0.6-0.8 1.20% | 5.20% 050% 2.60% | 1.00% 0.60% 0.30% 2.50%
distribution ~ 0.8-0.99 0.10% | 0.00% 0.00% 1.10% | 0.00% 0.00% 0.30%  0.50%
1 040% | 1.70% 0.10% 040% | 0.30% 0.20% 0.30% 0.60%

DISCUSSIONS

Table 2 and Table 4 show that DEA has higher performance index than GWR. In order to compare the
performance index, Figure 1 compares the performance index distribution of DEA and GWR. Obviously,
the benchmarking power of DEA is much superior to that of GWR. It should be mentioned that the
performance index cannot be compared directly because the problem structures are different—DEA is
a boundary method while GWR is a non-boundary method. This different between DEA and GWR has
very important repercussions for the results given by the two methods.

DEA model GWR model
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Figurel Distribution of performance index under different groups



Figure 2 shows the geographical distribution of all properties within the study area and each property is
coloured according to 75% quantile of performance index. The properties coloured in red is 75% quantile
of performance index, that is, these properties have higher performance.

Figure 2: 75% quantile of performance index by DEA and GWR

Under both the DEA and GWR model, and focusing on the benefit of the ferry services, the land value
gains are identified to be higher around the Bulimba, Hawthorne and Regatta terminals. This seems to be
a result of the greater redevelopment potential and the maturity of new development surrounding the ferry
terminals. More positive effects are also identified at the Mowbray Park terminal, which is on the CityCat
route, as compared to the Norman Park terminal, which has lower frequency CityFerry services only. By
contrast, very little land value uplift is identified around the Tenerife and North Shore Hamilton terminals
as these have only entered service in the last two years and urban redevelopment remains quite limited at
these locations.

This study introduces the application of DEA to identify the impact of the accessibility to the ferry
services on residential property prices in the central area of Brisbane. The power of property value effect
assessment using DEA is then compared with the GWR. The research findings in general confirm that
property values in the study area do benefit from accessibility to ferry, especially in the areas where
residential redevelopment has taken place around the ferry terminals. Being close to a ferry terminal in
the inner Brisbane CBD adds to property values in contrast to being close to train which is designed more
to serve outer suburbs. This suggests that like other rapid transit services, ferry can potentially generate
substantial economic benefit as long as it is designed as a frequent and rapid service with a sufficiently
wide geographical coverage, connecting major business centres and attractions.

The implications are that property developers are justified in seeking to secure ferry terminals to service
their developments. Governments may also be justified in bringing in land value capture mechanisms to
help pay for terminals, vessels or operating costs in appropriate locations.

Future research will focus on the investigation of other potential price determinants that may influence
some particular areas as discussed, including the role of large university campuses, as well as developing
the Geographically Weighted DEA model to consider geographical effects. A further segmentation of the
study area such as creating catchment buffers around ferry terminals will also be considered as ways of
further improving model fit and interpretation.
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ABSTRACT

The purpose of this paper is to analyse Mexican banking perfornaditecethe global financial crisis. In addition,

an attempt is made ftisclose theefficiency levels of both Mexican banks and branch divisions, as well as to
identify opportunities for efficiency improvememsom a methodological perspectivbe economic value added is
regarded as the proper measure of efficiency in banks. A dyrsdaukbased DEA model was applied to main
Mexican banks and their branch divisions. Finally, cluster analysis for branch division efficiency scores shows
opportunity for further improvements.

Keywords Dynamic slackbased model; economic value addedcaéficy; global financial crisis; Mexico.

INTRODUCTION

The Mexican economy was seriously affected after the 2007-2009 global financial crisis. In 2009
Mexican gross domestic product declined 6.7 per cent on real terms. Essentially, how this crisis affected
bank performance and unveil opportunities for efficiency improvement are the focus of this paper.

The main objective of this paper is to measure performance of leading banks before and after the crisis
period, as well as to compare efficiency achievements among them. Consequently, an evaluation of
performance for the period 2003-2005 was carried out. Likewise, a comparison of the same group of
banks for the period 2011-2013 was also conducted.

In addition, bank branches were analyzed in order to identify sources of inefficiency across the length and
breadth of the 32 Mexican states, where banks have established regional divisions.

PREVIOUS STUDIES

Standard data envelopment analysis (DEA) does not provide an identification for all sources of
inefficiency especially when bank divisions are embedded. Thus, several authors in an attempt to fulfill
such a drawback launched a new method for analyzing bank performance using network data
envelopment analysis (NDEA) models. One of the first authors that used NDEA models in banking is



Avkiran (2009). Such a model gives access to information that would otherwise remained undiscovered,
therefore the relevance of that newly developed methodology.

Akther et al (2013) study nineteen private and two government owned banks in Bangladesh for the 2004-
2008 period. The authors used slacks based inefficiency measure and a directional technology distance
function. In fact, performance is measured assuming a black-box production structure and then using a
two stage network production structure the black-box was opened and examined.

Avkiran and Fukuyama (2008) working on Japanese banks and taking a network view of efficiency,
where divisional interactions were captured, used an approach that enabled management to focus on those
divisions or profit units that needed attention.

Fukuyama and Matousek (2011) under the assumption of constant return to scale for the Turkish banking
system from 1991-2007, analyzed bank efficiency before and after the financial crisis. Based on a two-
stage network model the authors found out that banks efficiency reflected the economic situation of
Turkey before and after critical periods.

M ODEL

In this paper the dynamic DEA slack-based model, proposed by Tone and Tsutsui (2010) is applied.
However, an input oriented model with variable returns to scale is estimated. The model is a dynamic
slack-based measure that accounts for carry-over activities which enables a measurement of efficiency for
specific periods based on long time optimization. Such a model is a non-radial and deals with
inputs/outputs individually, while radial approaches assume proportional changes in inputs/outputs.

Throughout the paper, Tone and Tsutsui (2010) are followed. They deal withn DMUs (j = 1, ...,n) over T
terms (t = 1,...,T). At each term, DMUs have common m inputs (i = 1, ...,m), p non-discretionary (fixed)
inputs(i = 1 . p), s outputs (i = 1,..., S) and r non-discretionary (fixed)outputs(i = 1, ..., r). Let X (i =

1,..,m), 2 (i=1,..., p), yiie (i=1,... s)andx * (i=1, ..., r) denote the observed (discretionary) input, non-

z_;nr
discretionary input,(discretionary)output and non-discretionary output values of DMU j at term t,
respectively. There are symbolized four category links as z°°, 2", 2™ and z™. In order to |dent|fy them
g”'i (i=1,.,ngoodj=

n; t=1,..., T) for denoting good link values where ngoodis the number of good links. These are all
observed values up to the term T.

by term(t), DMU(j) and item(i), it is employed, for example, the notatlonz

The input oriented overall efficiency is given by:

nbad
‘= W, S, Z shad
N mln m —|—nbr:xr:i zbad

ot

- bad . . . . .
Where iz and Si¢  are slack variables denoting, respectively, input excess and link excess. A bunch of
restrictions are omitted for space reasons.

In addition, an input oriented term efficiency is described by:
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DATA AND VARIABLES

The paper relies on two databases. Firstly, there is a whole database for main banks. Secondly, a detailed
database for branches is used. Both databases correspond to two different periods. The first period
embraces 2003-2005, while the second lapse runs from year 2011 to 2013. There are five bank firms that
show up in both periods. On the other hand, there are nineteen firms which either show up in one or the
other.

As far as bank branches are concerned, customer offices are grouped into divisions. Moreover, each
division is set on each one of 32 states of Mexico. In fact, in order to analyze numerical information,
figures for single branches were consolidated by division.

For the sake of assessing bank efficiency, the economic value added (EVA) is regarded as the proper
framework. The main goal of any bank firm is to create value. EVA is defined by Stewart (2013) as net
operating profit after taxes (NOPAT) minus capital charge. Capital charge is regarded as a sum of debt
costs net of taxes and cost of equity. Therefore, model variables to account for efficiency are directly
related to EVA. Hence, for banks, capital charge is the input variable. On the other side, long term
deposits is the intermediate input. Finally, output variables are: net operating profit after taxes (NOPAT),
total credit and non-performing loans, which is an undesirable output.

As for branches, the database is built with operational variables. In an EVA context, variables are
classified as inputs variables that comprise transactional account contracts, automatic teller machines,
debit card contracts, number of branches and sale point terminals. Likewise, while the intermediate input
variable is long term deposit contracts, the output variables include credit card contracts, teller machine
transactions and transactions at sale point terminals.

RESULTS

Two types of results showed up. On one side, overall and term efficiencies before the crisis are displayed
in table 1.

Table 1: BANK'S EFFICIENCY BEFORE CRISIS

YEARS 2003 2004 2005
OVERALL EFFICIENCY TERM EFFICIENCY
DMU Score Score Score Score
BANAMEX 1.0000 1.0000 1.0000 1.0000
BANCO AZTECA 0.8597 1.0000 0.9202 0.6589
BANREGIO 0.6473 0.6340 0.6479 0.6600
BBVA BANCOMER 1.0000 1.0000 1.0000 1.0000
CENTRO 0.3639 0.4253 0.3664 0.2999
DEL BAJIO 1.0000 1.0000 1.0000 1.0000
G.E. CAPITAL 1.0000 1.0000 1.0000 1.0000
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HSBC 1.0000 1.0000 1.0000 1.0000

INBURSA 0.3092 0.2060 0.3512 0.3704
INVEX 1.0000 1.0000 1.0000 1.0000
MERCANTIL DEL NORTE 1.0000 1.0000 1.0000 1.0000
SANTANDER SERFIN 0.8721 0.7509 0.8653 1.0000
SCOTIABANK INVERLAT 0.9122 0.8817 0.9373 0.9177

On the other, overall and term efficiencies after the crisis are shown in table 2.

Table 2 BANK'S EFFICIENCY AFTER CRISIS

YEARS 2011 2012 2013
OVERALL EFFICIENCY TERM EFFICIENCY

DMU Score Score Score Score
ABC CAPITAL 1.0000 1.0000 1.0000 1.0000
ACTINVER 1.0000 1.0000 1.0000 1.0000
AFIRME 0.9301 0.9814 0.9619 0.8469
AMERICAN EXPRESS 0.7422 0.9794 1.0000 0.2471
BANAMEX 1.0000 1.0000 1.0000 1.0000
BANCO AZTECA 0.9509 0.9677 0.9579 0.9271
BANCO BASE 1.0000 1.0000 1.0000 1.0000
BANCO DEL BAJIO 0.9840 0.9520 1.0000 1.0000
BANCO WALTMART 0.8930 1.0000 0.9414 0.7377
BANCOPPEL 0.8300 0.9984 0.9573 0.5344
BANK OF AMERICA 0.7407 1.0000 1.0000 0.2221
BANORTE 0.9768 1.0000 1.0000 0.9305
BANREGIO 0.9818 0.9485 0.9970 1.0000
BANSI 0.9837 0.9512 1.0000 1.0000
BBVA BANCOMER 1.0000 1.0000 1.0000 1.0000
CIBANCO 1.0000 1.0000 1.0000 1.0000

The null hypothesis that the mean difference between overall efficiency before and after crisis is cero is
not rejected at the 5 percent level, based on the K-Sample T test (P-Value = 0.25275, Statistic= 1.60046).

Overall efficiency scores for branch divisions after crisis were fully calculated. Results disclose all
opportunity areas for efficiency improvements. In addition, a cluster analysis was performed so as to split
the efficient group up from the less efficient category. The current analysis also revealed improvement
opportunities by bank. . However, the tables are omitted for space reasons.

CONCLUSION

The economic value added is regarded as the proper measure of efficiency in banks. The dynamic DEA
was applied to Mexican main banks and their branch divisions. Cluster analysis for branch division
efficiency scores shows opportunity for EVA improvements. As far as EVA is concerned, Citibank and
BBVA standout among the most efficient bank companies. To some extent, most other bank companies
would improve branch division efficiency, if the proper decisions are made.
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ABSTRACT

This paper develops an integer mathematical programming model to design the cellular manufacturing systems
under data envelopment analysis. Since workers have an important role in doing jobs on operation machines,
assignment of workers to cells becomesruacial factor for fully utilization of cellular manufacturing systems
(CMS). The aim of the proposed model is to minimize backorder costs and intercellular costs. The Data
Envelopment Analysis (DEA) performs for determining the most efficient alternatieegaones that are
considered by employing the average machine utilization, the average worker utilization, and number of product as
the output variables and the number of machines, the number of workers, the number of parts and demand levels as
the inputvariables. The neutral DEA model determines input and output weighs just from the angle of DMUp itself.
Therefore, the Decision Maker (DM) is not enforced to make any difficult subjective choice between the aggressive
and benevolent formulations.

Keywords data envelopment analysizllular manufacturingworker assignment

INTRODUCTION

Group technology (GT) is a manufacturing philosophy in which similar parts are identified and grouped
together to take advantages of their similarities in manufacturing and design. Cellular manufacturing
(CM) is a successful application of GT concepts. One of the key issues encountered in the implementation
of a CMS is the cell formation problem (CFP). In the past several years, many solution methods have
been developed for solving cell formation problem (CFP) by a binary machine-part incidence (two-
dimensional) matrix. Moreover, recently some approaches that have been developed to the two-
dimensional CFP are: genetic algorithms (Mahdavi et al. 2009), tabu search (Wu et al. 2004), neural
network (Soleymanpour et al. 2002), mathematical programming (Albadawi et al. 2005), simulated
annealing (Pailla et al. 2010) and similarity coefficients-based method (Oliveira et al. 2008).

In this paper we develop an integer mathematical programming to design the CMS, By means of
considering several situation for each of input variables, the number of machines, the number of workers,
the number of parts and demand levels, we obtain several different alternatives to decision maker. To
determine the most efficient alternative, for each alternative we use the developed CMS model to gain the
average machine utilization, the average worker utilization, and mean of product as the output variables
of the alternative and then DEA performed to determine the most efficient scenario among all the
scenarios that considered.
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Data envelopment analysis (DEA) that has proposed by Charnes et al. (1978) is a mathematical
programming technique that measures the relative efficiency of decision making units (DMUs) with
multiple inputs and outputs but with no obvious production function to aggregate the data in its entirety.

Ranking DMUs is one of the main problems in DEA. One of the most popular ranking methods is the
cross-efficiency method, first introduced by Sexton et al. (1986) in DEA.

Recently, several authors have proposed new methods for cross-efficiency. Wang and Chin (2010)
proposed a neutral DEA model for the cross-efficiency evaluation and extended it to cross-weight
evaluation. The neutral DEA model does not require the Decision Maker (DM) to make a difficult choice
between aggressive and benevolent formulations. It determines the input and output weights only from
the perspective of the DMU that is under evaluation, without being aggressive or benevolent to the other
DMUs. The cross-efficiencies computed in this way turn out to be neutral and more logical.

A neutral DEA model for crossfficiency evaluation

Wang and Chin (2010) proposed a neutral DEA model for the cross-efficiency evaluation and extended it
to cross-weight evaluation. They construct the following neutral DEA model for the cross-efficiency
evaluation of DMU,:

€
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Max # = Min ¥mp¢
%é.VipXip
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Vip 2 0, I 4,...,m.
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Where q;p is the CCR-efficiency of DMUp and U Y ™ a VipXip is the efficiency of the r™ output
i=1

of DMU;e. Like all DEA models for efficiency evaluation, model (3) needs to be solved n times, each time
for one different DMU. As a result, there will be n sets of input and output weights variable for n DMUs.

PROBLEM FORMULATION

In this section, the mathematical model has been presented based on CMS with worker flexibility under
following assumptions:

16



1 The processing time for all operations of a part type on different machine types are known and
deterministic.

= =4 -4 =9

The demand for each part type is known and deterministic.

The capacity of each machine type is known

The available time of each worker is known

The number of production for each part littler than the number of demand for each part.

Indices and their upper bounds

~3570ZXsT

Number of part types

Number of worker types

Number of machine types

Number of cells

Index for part type (i=1,2,...P)

Index for worker (w=1, 2,...W)

Index for machine type (m=1, 2,...M)
Index for cell (k=1,2,...C)

Input parameters

limw
Qim
LMy
LPy
LW
RW,
RM,

timw

1 if machine type mis able to process part i with worker w ; = 0 otherwise
1 if part i needs machine type m; = 0 otherwise

Minimum size of cell k in terms of the number of machine types
Minimum size of cell k in terms of the number of parts

Minimum size of cell k in terms of the number of workers

Available time for worker w

Available time for machine m

Processing time of part i on machine type m with worker w

Demand of part i

Unit backorder cost of part i

Unit cost of intercell movement
An arbitrary big positive number

Decision Variables

1 if machine type mis assigned for cell k; =0 otherwise

1 if part i is assigned to cell k; =0 otherwise

1 if worker w is assigned for cell k; =0 otherwise

1if parti is to be processed on machine type mwith worker w in cell; =0 otherwise
Number of part i to be produced

Objective functions
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Contraints
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The objective function consists of several costs items as follows:

(1), (2), (3) Exceptional Elementshe first, second and third terms is to minimize the total number of
exceptional elements in machine-part-worker incidence matrix.

(4) Backorder costThe cost of delay in delivery of all parts. This item is calculated the number of
demand for each part, minus the number of production for each part, multiply by the unit backorder cost
each part.

Constraints (6) and (7) ensure that the available time for workers and capacity of machines are not
exceeded. Constraint (8) the number of production for each part littler than the number of demand for
each part. Constraint (9) ensures that when machine type m is not in cell k, then di,w=0. Equation (10)
implies that only one worker is allotted for processing each part type on each machine type in one cell.
This model is flexible for doing same job with different workers. This means that if one part type is
required to be processed by one machine type; more than one worker would be able to service this
machine type. Equation (11) ensures that each part type is assigned to only one cell. Constraint (12)
forces the lower bound for the number of parts to be allocated to each cell. Equation (13) guarantees that
each machine type is assigned to only one cell. Constraint (14) prevents from assigning less than LM,
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machines to cell k. Equation (15) guarantees that each worker will be assigned to only one cell. Constraint
(16) ensures that at least LW, workers will be assigned to cell k in each period.

USING DATA ENVELOPMEN T ANALYSIS IN THE CMS MODEL

Manned cells are a very flexible system that can adapt to changes in the customers demand or changes
quite easily and rapidly in the product design. The cells described in this study are designed for flexibility.
In this study, the DEA is applied to the problem of comparing and evaluating the alternative rescores
assignment in a CMS environment. Usually, the DEA assumes that outputs are increasing and more of an
output is better than less of the output. Alternatives consisted of reducing the number of machines, the
number of workers, the number of parts and the demand of each part in the cell is as follows in details:

9 Choice 4 machine among 5 machine type that have different availability level the DM have 4
alternatives to choice machines 1, 2, 3, 4 (alternative A), 1, 2,3,5(B), 1, 2,4,5(C), 1, 3, 4,5 (D).

9 Use 3 worker in the cell that the workers number 1 and number 2 have the same level and the workers
number 3 and number 4 have the same level, since the DM have 2 alternative for choose the workers,
worker 1, worker 2 and worker 3 (F), worker 2, worker 3 and worker 4 (G).

9 The number of parts type for produce is 4 or 5. The production value (backorder cost) all of the parts
are the same level so DM have 2 alternatives to choice parts.

9 Numbers of demand for each part are 300 and 350, and DM have 2 alternatives to choice volume of
the parts.

So DM have 432 2 2 32Z alternatives to decision. For each alternative we use the developed CMS
and calculate average machine utilization (ATUM) and average worker utilization (ATUW) and mean of
product from the solutions and set them as the alternative results data of the mathematical model.

The most efficient alternative

We used the model (3) for 32 inputs and outputs, The DEA is applied to the data set of 32 DMUs. The
efficiency scores obtained using DEA are listed in Table 1. The DEA results denote that 6 cases of 32
DMU; are relatively efficient; however, a ranking cannot be obtained for these DMU. Since the
efficiencies evaluate 6 of the 32 DMUq as efficient and cannot discriminate among them any further,
cross-efficiencies are computed. We use the neutral DEA model (3) to evaluate the cross efficiencies of
efficient DMUSs. The results are shown in Table 2. According to the neutral cross-efficiencies in Table 2,
DMUI13 is the most efficient alternative, whereas DMUI16 is the second most efficient followed by
DMU15, DMU32, DMU14, and DMU31. To achieve more logic results we applied the neutral cross-
efficiency just for efficient DMUs and ranked them.

Table 1: Efficiency scores that are obtained by DEA

DMU Efficiency DMU Efficiency DMU Efficiency DMU Efficiency

score score score score
1 0.7679 9 0.6683 17 0.7738 25 0.5973
2 0.8129 10 0.7083 18 0.7902 26 0.8972
3 0.7692 11 0.6847 19 0.8591 27 0.7370
4 0.8357 12 0.7445 20 0.9493 28 0.7760
5 0.7895 13 1.0000 21 0.7470 29 0.8767
6 0.8932 14 1.0000 22 0.7083 30 0.8999
7 0.9014 15 1.0000 23 0.8217 31 1.0000
8 0.9051 16 1.0000 24 0.8481 32 1.0000
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Table 2: Neutral cross efficiency scores and Ranking DMUs

DMU Target DMU Average Cross Rank
13 14 15 16 31 32 efficiency
13 1.0000 1.0000 0.9600 0.7535 0.7904 0.7218 0.9054 1
14 0.9149 1.0000 1.0000 0.6902 0.7230 0.7524 0.8842 5
15 0.7812 0.7690 1.0000 0.6403 0.9172 0.8740 0.8896 3
16 0.8168 0.8420 0.9539 1.0000 0.8629 0.8651 0.8901 2
31 0.6911 0.7140 0.9506 1.0000 1.0000 0.9965 0.8462 6
32 0.7058 0.7764 0.8873 1.0000 0.9372 1.0000 0.8845 4

CONCLUSIONS

In this paper, a neutral DEA in CMS is proposed for a three-dimensional machine-part-worker incidence
matrix which demonstrates a cubic representation of assignment in cellular manufacturing system.
Moreover, the new concept of exceptional elements is discussed to show the interpretation of inter-cell
movements of both workers and parts for processing on corresponding machines. The proposed approach
minimizes backorder cost and intercellular cost in a cellular manufacturing system. The DEA approach
performed for determining the most efficient alternative among 32 alternatives that considered. As a
result of the application of classic DEA model, 6 alternatives are determined as relatively efficient. To
increase discriminating power among alternatives and ranking, the neutral DEA model is employed.
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ABSTRACT

This study integrates the DaEnvelopment Analysis (DEA) approach with a hedge effectiveness test method based

on the concept of hedge accounting to provide a comprehensive analysis for measuring and analyzing risk
management efficiency of derivative use in commercial banks. The afdgiveness test method (doltafset

rati o) assesses a bankés risk management efficiency ba
and items being hedged (hedged items). However, this ratio has an inherent weakness in thatsinyskesratio

concept which is unable to assign and align mathematical weights to all elements used in the analysis, thereby
highlighting inbuilt accounting risks. This paper uses the Q&Aathematical programming techniqugproach

in order to eliminate this weakness and provides i ns
management and efficiency. Applying a hedging instrument as an input and the hedged items as an output variable,

the simple ratio concept afipd as a dollaroffset ratio will be improved using a DEA approach. Using this concept,

the efficiency of risk management of four Malaysian (developing financial market) and four Australian (developed
financial market) commercial banks have been evalyataded on reports covering the period 2EDA2. The

results suggest that DEA is a beneficial complement to the hedge effectiveness technique generally used in

i mproving bankds risk management, thus providing a rig

Keywords: Data Envelopment Analysis; Derivatives; Hedge Effectiveness Test; okt Ratio

INTRODUCTION

Recently, with the complexity of the market and sharp rise in the unpredictability of currency-exchange
and interest rates, it has become important to formulate derivative instruments as efficient tools to hedge
related risks. Derivative instrument usage differs across industry sectors, based on its level of exposure to
various types of risk. Market exposure can affect their expected returns due to interest rate risk, foreign
exchange risk and credit risk, where changes can affect all companies including banking institutions.
Recent global market forces have led banking institutions to make regulatory rearrangements of their
supervisory system and forced banks to adopt coordinated and efficient risk management strategies
(Couppey-Soubeyran 2010). As systemic risks in banks are not effectively shifted by internal control
strategies, they need to be managed using derivative contracts. Most studies in the field have shown that
companies can successfully use derivative contracts as a risk treatment to hedge interest rates and foreign
currency exposure by more than 90% and 75%, respectively (Phillips 1995; Mallin et al. 2001; Collier
2009). DeMarzo and Duffie (1995) also found that financial hedging can improve the informativeness of
corporate earnings and signal risk management ability. To address the role of financial derivatives as a
risk management tool in the commercial banks, its measurement must go beyond its effective
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measurement. The derivative instruments should express its real impact on the risk management
efficiency, therefore, it will signal its significant roles for a better risk management function. This
proposed study is guided by the question of — whether derivatives an effective manner of managing risk;
and how an effective test for risk management efficiency be operationalised? To this end, the paper first
introduces DEA approach to risk management accounting (hedge accounting) in banks, and then links the
issue of hedge effectiveness to the theoretical elements in DEA efficiency measurement. In relation to
hedge effectiveness test, this study matched the ratio analysis concept that has been applied by the dollar-
offset ratio analysis effectiveness test. Besides providing the solution on the simple ratio concept, the
DEA has made a simultaneous comparison of the hedging instrument and the hedged items. The results
enhance the dollar-offset ratio effectiveness test, which has been shown to measure the impact of the
derivative instrument on the banks’ risk management efficiency. This paper compares derivative
instrument usages in Australian and Malaysian commercial banks respectively, as they are both highly
competitive in promoting the usage of derivative in their financial systems. Furthermore, no existent
study explores this issue in terms of developing tests for hedge effectiveness based on hedge accounting
scope. This paper contributes to a growing body of literature on banking efficiency and hedge accounting
studies focusing on risk management through the use of derivatives as hedging instruments. The
consolidation of these two important areas within the scope of the banks’ risk management will assist in
broadening academic knowledge in this area and provide better guidance to banks in managing risk.

The remainder of the paper is structured as follows. Section 2 investigates the hedge effectiveness test and
links these tests to the theoretical literature of the efficiency study using DEA approach. Section 3
presents bank’s relevant data and methodology. Section 4 reports the empirical result and Section 5
highlights the implication to risk management in banks and hedge accounting, and Section 6 concludes.

HEDGE EFFECTIVENESS TEST AND DEA APPROACH: THEORETICAL LINKAG ES
Hedge Accounting and Hedge Effectiveness Tests

In hedge accounting, effectiveness is measured using specific methods including: (i) critical terms; (ii)
correlation analysis; and (iii) dollar-offset ratio. According to IAS 39, the effectiveness test is categorized
in two separate parts: (1) prospective test and (2) retrospective test. A prospective test (looking forward)
is defined as the hedge being expected to be highly effective during its life, while a retrospective test
(looking back) refers to determining whether the actual hedging relationship was highly effective in the
period since the last test was performed. Guided by previous literature, a retrospective test is more
accurate in assessing the effectiveness of a hedge, and evaluation based on the current and past annual or
interim financial statements is more realistic. However, both testing categories are significant in
evaluating the effectiveness of the hedging relationship, and no specific standard of determining the best
method for testing the effectiveness of hedging has been set by the Financial Accounting Standards Board
(FASB). Under retrospective hedge effectiveness, Charnes et al. (2003) agreed that the dollar-offset ratio
is the most effective measure for hedge effectiveness testing. They define this approach as “the change in
the value of the hedging instrument divided by the change in the value of the hedged item over the

B
B

assessment period” (2003, p. 100). It can be formulated as 7 p8BThe degree of confidence for

22


http://www.sciencedirect.com/science/article/pii/S0378426611003104#s0010
http://www.sciencedirect.com/science/article/pii/S0378426611003104#s0040
file:///E:/PUBLICATION/DEA2014%20-%20Invitation%20and%20acceptance%20letter_files/Paper%2078_DEA%20Proceeding%20Final.docx%23_ENREF_6

hedge effectiveness (highly effective) is considered within the range of 80% to 125%, where the formal
test formulation can be expressed as T&) B @B &®Qp& 8According to Althoff and
Finnerty (2001), the essential problem of the dollar-offset ratio test is that “it very sensitive to small
changes in the value of the hedged item or the derivative” (p. 5). Thus as argued by Kawaller (2002) this
sensitivity has often caused difficulties in producing effective results due to the ratio often struggling to
consistently achieve high effectiveness from period to period — thus failing the test and precluding the use
of hedge accounting. However, this author admits that dollar offsets are the simplest approach in testing
for hedge effectiveness, and show direct comparisons between the hedging instrument and the hedged
item, despites sometimes giving false signals which fall outside the range of effectiveness result. The
strength of this method is also explained by Wallace (2003) as highly effective when a longer cumulative
period is recommended for analysis of the ratio for stability. In addition, Finnerty and Grant (2003)
believe that measuring risk management using the dollar-offset method is provides a more straightforward
assessment that is exempted in terms of risk reduction.

A NEW APPROACH TO HEDGE EFFECTIVENESS TEST

Based on this limitation, DEA is able to solve the issue as it not only an assessment of efficiency, but also
an assessment of measuring quality and effectiveness (outcomes). Methodologically, DEA assigns
mathematically optimal weights to all variables (inputs and outputs) being considered. It not only solves
the issue of where the simple ratio relies on the preferences of the policy maker in assigning weights
(Nyhan and Martin 1999) but also makes a simultaneous comparison of multiple dependent performance
measures including output, outcome and quality. The dollar-offset ratio is the most suitable method for
hedge effectiveness testing, theoretically linking to an efficiency evaluation using the DEA approach, as
this method also considers multiple outputs to the input ratio. This method is extremely useful in
traditional banking performance analysis and measured as an adequate indication of the risk profile of a
bank (Greuning and Bratanovic 1999). To strengthen the linkages between DEA and dollar-offset ratio in
banking, Ramirez (2012) provides a clear example by showing that when hedging instruments are
interest rate swaps, the hedged items are bonds and loans (on either side of the balance sheet). However,
since the present study chose interest rate swaps (input) as the derivative financial instrument, the
determination of output was based on comparison of the items involved in variable interest rates paid, and
the fixed-rate interest received by banks. By engaging the interest rate swap, the gap in the balance sheet
has been a focus. Long-term loans such as loans for investment purposes or mortgages are fixed interest
rate assets, and short-term variable cash-deposits (e.g. household savings) were the liabilities that banks
were exposed to as the changes in the variable interest rates. Interest rate changes are highly likely to be
affected by market risk and allowed to be considered as the hedged items (Ramirez 2008). The market
change is suitable for testing any entity or firm’s efficiency level; hedging instruments serve as inputs to
control over the hedged items (outputs) as an outcome in performance measurement that will influence
risk management efficiency levels.

METHODOLOGY (DATA ENVELOPMENT ANALYSIS) AND DATA SAMPLES

This paper employs a DEA approach due to its strength over the parametric Stochastic Frontier Approach
(SFA) and its ability to make simultaneous comparisons of multiple outputs and outcomes. Following the
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mathematical programming model developed by Charnes et al. (1978), the CCR model is provided as
follows:

k
awy,
Maximize: h=S%——p 42.,n )
avx,
i=1
X
a Wy
Subject to: = ¢l 42.,n, W 20,r=12..,k, v20,i=12..m 2)
a vy
i=1

The objective function (1) and constraints (2) is composed of fractions and needs to be transformed into
linear form so that the model can be solved using a simple linear programming method such as simplex.
In accordance with Dong (2010), an input-oriented model has been chosen based on the input or output
guantities that managers have more control over. This model is strongly recommended as banks are
believed to have better control over their derivative usages (inputs) that will influence its performance.
The input-oriented model assumes that k is the DMU that uses the number of inputs (N) to produce the
number of outputs (M), and technical efficiency ("Y'O) as the efficiency score for k-th DMU. Inputs are
denoted by & 'Q p8 &¢ and outputs are denoted as @ Q p8 & for each DMU k (k=1.... K).
As Coelli et al. (1998) have formulated, the following mathematical programming model is specified in
order to measure the TE of each DMU.

TE =a y ¥/ ayx 3)
%

i=1

Subjectto: g U,y /@ Vi Xy ¢Lr=1..Ku,v, 2 0 4)
2

110
i=1 j

M ODEL SPECIFICATION A ND DATA DESCRIPTION

In specifying the model, this paper assumes that commercial banks are producers that have full control
over most of their financial activities including the turning of funds into finance or investments, and
reflecting the banks’ goals of profit maximization in an ambiguous environment dealing with risk. This
concept is appropriate to the use of an intermediation approach which specifies one input and two outputs
associated with the concept of the interest rate swap use and risk management function of financial
intermediaries. Due to the growing importance of new financial instruments and markets (swaps)
characterized as facilitators of risk transfer (Scholtens and VVan Wensveen 2000), this study employs one
input of interest rate swaps (x1) and two outputs of customer deposits (y1) together with residential
mortgage and other investment loans (y2). Definitions of the variables used in DEA models are based on
the hedge accounting recognition rules under fair value hedge associates and risk management indicators.
The data sample used in this paper comes from four Australian commercial banks (COMMBANK,
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WESTPAC, NATIONAL AUSTRALIA and BANK OF QUEENSLAND) and four Malaysian
commercial banks (MAYBANK, CIMB, HONG LEONG BANK and AMBANK), covering the period
2007-2012.The real financial data set was obtained from an auditing annual report of individual banks and
BankScope data resources.

RESULTS AND DISCUSSION

In contrast to expectations based on past papers in DEA, this paper first presents the role of derivative
instruments through a hedging effectiveness test in banks’ risk management efficiency. Using the
software package DEAP Version 2.1 by Coelli (1996), this analysis is based on a yearly basis. In this
paper, 2007 has been used as the baseline for individual banks in submitting their estimated efficiency
scores. Based on the input-oriented approach under a CRS assumption (Table 1), the average technical
efficiency is 93.8%, which is less than the mean efficiency score under a VRS assumption with 97.6%.
This implies that on average, the banks could proportionally reduce their input by 6.2% to produce the
same amount of output. In the scale efficiency score, the mean is found to be 96%. These results indicate
that on an average, their actual production scale diverged by 4% from the most productive scale size.
Only COMMBANK achieved the unity SE score, which means that this bank operates at its most
productive scale size. For this period, all eight banks were operating in a region of increasing returns to
scale (IRS), ranging from 0.851 to 1.000 implying operation on a scale that was too small. These results
were consistent throughout the sample period.

Table 1: Efficiency Summary in 2007

. Technical Pure Technical -
Commercial Banks Efficiency (CRSTE) Efficiency (VRSTE) Scale Efficiency (SE)
COMMBANK 1.000 1.000 1.000
NATIONAL
AUSTRALIA 0.992 0.994 0.997
WESTPAC BANKING 0.996 0.999 0.998
BANK OF
QUEENSLAND 0.941 0.985 0.956
MAYBANK 0.851 0.966 0.881
CIMB 0.889 0.936 0.949
HONG LEONG BANK 0.951 1.000 0.951
AMBANK 0.885 0.931 0.950

Mean 0.938 0.976 0.960

The extended relative results reported in Table 2 for the eight banks ranges from 0.891 to 1. In 2008,
COMMBANK and WESTPAC BANKING were operating at best practice in technical efficiency (1.000),
where no wastage of inputs in affected the quantity of outputs. At 0.955 and 0.967, NATIONAL
AUSTRALIA and BANK OF QUEENSLAND respectively were almost as efficient. These results
indicate that Australian commercial banks have highly effective risk management strategies due to using
derivative instruments to continually monitor interest rates and efficiently manage risk (Ahmed et al.
1997; Berkman et al. 1997). The positive results of the top four banks in Australia indicate that their
operating practices could provide good models for the lower performing Malaysian banks, since only
MAYBANK was able to reach best practice (2011).

25


file:///E:/PUBLICATION/DEA2014%20-%20Invitation%20and%20acceptance%20letter_files/Paper%2078_DEA%20Proceeding%20Final.docx%23_ENREF_7
file:///E:/PUBLICATION/DEA2014%20-%20Invitation%20and%20acceptance%20letter_files/Paper%2078_DEA%20Proceeding%20Final.docx%23_ENREF_1
file:///E:/PUBLICATION/DEA2014%20-%20Invitation%20and%20acceptance%20letter_files/Paper%2078_DEA%20Proceeding%20Final.docx%23_ENREF_1
file:///E:/PUBLICATION/DEA2014%20-%20Invitation%20and%20acceptance%20letter_files/Paper%2078_DEA%20Proceeding%20Final.docx%23_ENREF_4

Table 2: Technical efficiency (VRS)

2008 2009 2010 2011 2012

Bank TE TE TE TE TE
COMMBANK 1.000 0.959 0.984 1.000 0.946
NATIONAL AUSTRALIA 0.955 0.954 1.000 0.958 0.999
WESTPAC BANKING 1.000 1.000 1.000 0.961 1.000
BANK OF QUEENLAND 0.967 0.947 0.77 0.939 0.949
MAYBANK 0.948 0.953 0.876 1.000 0.911
CIMB 0.917 0.976 0.958 0.929 0.895
HONG LEONG BANK 0.950 0.944 0.723 0.951 0.891
AMBANK 0.982 0.942 0.829 0.935 0.925
Mean 0.965 0.959 0.893 0.959 0.939

IMPLICATIONS FOR BANKS RISK MANAGEMENT , DERIVATIVES AND HEDGE ACCOUNTING

This study has addressed an important challenge in hedge accounting due to the dollar-offset ratio
analysis being criticized in terms of its simple ratio concept applied in measuring hedge effectiveness
tests. The introduction of DEA in hedge effectiveness test of hedge accounting has proven that it not only
highlights the role of derivative (hedging instrument), but has strengthen the dollar-offset ratio
effectiveness measurement to holistically brings the issue of risk management efficiency in banks. This
study hopes to provide a better methodology for risk management accounting in banks to help reduce
accounting risk, hence will lead to better risk management strategies. This methodology can be used to
measure the overall context of derivative instrument usage in the risk management structures of banks and
possibly to other firms who involves with derivatives for hedging purposes. Their efficiency levels can be
evaluated in different forms through synergizing of hedge effectiveness test and efficient frontier
approach from different perspectives.

CONCLUSION

In summary, the aim of this paper has been to provide broad evaluation of an efficient measure of
derivative instruments in the banking sector. Using a different measurement approach, this paper
introduces hedge accounting effectiveness analysis and the dollar-offset ratio concept discussed in DEA
literature. It has demonstrated a new efficiency measure that can be developed based on an integrated
approach based on hedge accounting effectiveness analysis and DEA. It extends the analysis by using a
financial instrument used in the banking sector and investigates its impact on the risk management
efficiency levels of eight commercial banks in Australia and Malaysia. A comparison of the performance
of four Australian and four Malaysian commercial banks, has allowed a broader perspective from which
we can witness the effectiveness of different risk management strategies. These eight banks have been
used as sample for analysis using a DEA approach to allow the exploration of new insights into the
efficiency of risk management in banks.
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ABSTRACT
The conventional DEA models generally do not <consider
variousmet hods have been proposed to incorporate the DMOG:

models are not applicable to performance evaluation problems with undesirable outputs. In this paper, we establish
a new link between multi objective linear gramming (MOLP) problem and DEA model with undesirable outputs

in order to use the interactive methods in MOLP to locate the most preferred solution on the efficient frontier for the
target setting and resource allocation

Keywords Data envelopment analigs Target Unit;Undesirable output; Multi objective linear programming.

INTRODUCTION

Data Envelopment Analysis (DEA), initially introduced by Charnes et al. (1978), is a widely used
mathematical programming approach for comparing the inputs and outputs of a set of homogenous
Decision Making Units (DMUs) by evaluating their relative efficiency. The conventional DEA models
generally do not consider the DM’s preference structure or value judgments. However, various methods
have been proposed to incorporate the DM’s preference information in DEA. Yang et al. (2009)
established the equivalence relationship between the output-oriented DEA dual models and minimax
reference point approach of MOLP, showing how a DEA problem can be solved interactively without any
prior judgments by transforming it into an MOLP formulation; see also Wong et al. (2009). Hosseinzadeh
Lotfi et al. (2010a, b) provided new links between output-oriented DEA dual model and the general
combined-oriented CCR model with the min-ordering optimization problem in MOLP and showed how a
DEA problem can be solved interactively by transforming it into a MOLP formulation. Ebrahimnejad and
Hosseinzadeh Lotfi (2012) established an equivalence model between the general combined-oriented
CCR model and MOLP that gives the most preferred solution (MPS) for DM with trade off analysis on
both input and output values of DMUs. However these methods are not able to identify target units and
MPS when undesirable outputs are usually produce with desirable outputs in the production process.
Thus, Ebrahimnejad and Tavana (2014) provided a new link output-oriented DEA dual model under
variable return to scale (Seiford and Zhu, 2002) and MOLP problem to overcome this limitation. Also,
Past studies about the relation between MOLP DEA follow the concept of strong disposability of
undesirable outputs. In this study we obtain a new link between a radial DEA model under constant return
to scale and the weighted maximin reference point MOLP formulation that follows weak disposability of
undesirable outputs and considers the decrease in the total resource input outputs in an interactive fashion.
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DEA MODELS
Consider a production process in which desirable and undesirable outputs are jointly produced by
consuming both resource and non-resource inputs. Suppose we have n DMUs and each DMU;

produces s, desirable outputs, yg (r=1,2,.. 5 )and s, undesirable outputs y{j’ (t=1,2,..,5) using my resource inputs
xj (i=1,2,...m )and m, non-resource inputs xg (k=1,2,...,m ). Thus each DMU has measurable inputs

and outputs (x5, xp, y§, yg) where p is an index of an individual DMU. In order to reasonably model a

joint production of both desirable and undesirable outputs, following the concept of weak disposability of
undesirable outputs (Fare and Primont, 1995; Fare and Grosskopf, 2004), the DEA production technology
T termed as environment DEA technology exhibiting constant returns to scale (CRS) can be expressed as:

T ={(Xe, X", y9, ¥): W
n
a’ixex i 4,2,.m,
=1
R
a % ¢ % k4, 2,..m,
=1
o
a’ivizw r4,2,..5,
j=1
R b_ b
a’iY =% t 4,2,..%
j=1
/j20 i 42,0}

On the basis of the DEA production technology T as shown in Eq. (1), a radial DEA model for computing
a resource efficiency score of DMU , is presented as follows:

min a, @)

-

st /i ¥¢ 3% i 4,2,..m.
=
n

é_/jxi?j(]?){]p k 4, 2,..,m,
=1

.

a’ivezy r 4,25
j=1

N

a’in = t 42,9,
j=1
/;20 i 4,2,.n.
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It can be seen that model (2) attempts to proportionally contract the amounts of resource inputs as much
as possible for a given level of non-resource inputs, desirable and undesirable outputs. In model (2), the
optimal value a, is the efficiency score of DMU . If a, <1then DMU , is not efficient and the parameter

ap indicates the decrease by which DMU , has to decrease its resource inputs to become efficient. We

define a reference set E,, ={ i|1] 0 ®2,. n} for each inefficient DMU pwhere /™ =( {,..., ) is the

optimal solution of (2). The following point on the efficient frontier, regarded as a target unit for the
inefficient unit DMU P is then used to evaluate the performance of this unit:

o

a
% * e L) * n nn %k ik b

a’ix. ai{s. a# ay (3)
%i Ep 1= j E i £
However, this target unit has not taken into consideration the DM’s preference structure and an interactive
MOLP can be used to address this shortcoming.

P L)

THE WEIGHTED MOLP FORMULATION
Consider the following MOLP problem:

min £ (/) =80 ( Doe G ( Yowe Gy ()
st /1 w

(4)

To generate of any efficient solution, the MOLP (4) can be written in a weighted maximin approach as

follows with f* =gg],...,§ v O, s the ideal point:

maxmrini‘ph{vw((g* -q )

()
st /1 w
Assuming a :1£ni2h{vx4 ((g* -g ( /))} , the formulation (5) can be rewritten as follows:
I
max a
st.w(g*- g(/)) 2g i §2,...m (6)
Iw

A GENERALIZED EQUIVALE NCE MODEL

In this section, we show that the radial DEA model (2) and the weighted maximin MOLP formulation (6)
are equivalent under certain conditions.

Assume that
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j=1

In this case, the radial DEA model (2) can be equivalently reformulated as follows:

min a

P
(8)
stg(/)¢ g% i 4,2,..m
1oy
where
g n . N i
szlla I ok E.m), & (¥ B 1=8) ;4 $% 125 ) / 0 21,2,._;,1;
j=1 j 2 i E _

Suppose g, (/) =g ( h, where /' is the optimal solution of the following linear programming problem:
n
s : 9
in g () ill L )

Theorem1.Suppose x, >0(i =, 2,...m ;. The radial DEA model (2) can be equivalently transformed into

the weighted maximin MOLP formulation (6) using formulations (7) and (9) and the following equations:

W =ie i4,2,..m. (10)
%ip
min _ . =
H —1gplgl{vw G (11)
. _ Hmin :Hmin){e — 12
G _T p | F..m (12)
a=H™ -5, w=y (13)

Proof. Using formulations (10) and (13), the DEA model (8) can be rewritten as follows:

min H™" - 4 (14)

stwg(/)e H™ a2 i £2,.m
oW
Now, with regard to formulations (12) and (13), we get the following equivalent problem:

max a (15)
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/1 W
In addition for each /i v, we have:

« _ HMowg, . .
o= t—— 921 / 1,z.., 16
9 = § mng() i m (16)

Therefore the radial DEA model (2) or (15) is equivalent with the weighted maximin MOLP formulation
(6).c

From Theorem 1, the radial DEA given in (2) can be equivalently rewritten as the weighted maximin
MOLP formulation of (6) as follows:

st.w(g*- g(/)) 2a i 52,..m.
n
a /jﬁi}ﬂ:)ﬁ?p k 4,2,..,m,
j=1
.
a’ivizw r4,2..8
j=1
. b_ b
a /jytj =¥ t 4.2,..%,
j=1
/;20 j 4.2,.n.

Alternatively, since formulation (6) is equivalent to (4), formulation (17) can be rewritten as follows:

en n

n
minf ()= 6. & 14 8k 18)
.
sta /j>{<} ¢ ){'p k42..m
j=1
.
a’ivgz r 42,5
j=1
n b b
a % =¥ t 4,2,...5,
j=1
/i%0 i 42,..n.
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This means that the efficiency score DMU, can be generated by solving formulation (18). Therefore, an

interactive MOLP method can be used to solve the DEA problem in order to locate the MPS on the
efficient frontier for target setting and resource allocation.

CONCLUSIONS

In this study we provided a new link between the radial DEA model in the presence of undesirable
outputs and the weighted maximin reference point MOLP model. We then showed how a DEA problem
can be solved interactively by transforming it into an MOLP formulation. This approach results in the
reduction in the total resource inputs. The proposed equivalence model provided the basis for applying
interactive methods in MOLP to solve DEA problems and further locate the most preferred solution along
the efficient frontier for each inefficient DMU.

ACKNOWLEDGEMENTS

The author highly appreciates the office of vice-chancellor for research of the Islamic Azad University,
Qaemshahr Branch, for financially support.

REFERENCES

[1] Charnes, A., Cooper, W., Rhodes, E. (1978) Measuring the efficiency of decision making units, European
Journal of Operational Resear@{6): 429-444.

[2] Ebrahimnejad, A., Tavana, M. (2014) An interactive MOLP method for identifying target units in output-
oriented DEA models: The NATO enlargement problem, Measuremen$2: 124-134.

[3] Ebrahimnejad, A., Hosseinzadeh Lotfi, F. (2012) Equivalence relationship between the general combined-
oriented CCR model and the weighted minimax MOLP formulation, Journal of King Saud Universifiy Science
24: 47-54.

[4] Fare, R., Grosskopf, S. (2004) Modeling undesirable factors in efficiency evaluation: comment, European
Journal of Operational Researth7: 242-245.

[5] Fare, R., Primont, D. (1995) In: Multi-output production and Duality: Theory and Applicatipr€luwer
Academic Publishers, Boston.

[6] Hosseinzadeh Lotfi F., Jahanshaloo G.R., Ebrahimnejad A, Soltanifar M, Manosourzadeh S.M. (2010a) Target
setting in the general combined-oriented CCR model using an interactive MOLP method, Journal of
Computational and Applied Mathemat234: 1-9.

[7] Hosseinzadeh Lotfi, F., Jahanshaloo, G.R., Soltanifar, M., Ebrahimnejad, A., Manosourzadeh, S.M. (2010b)
Relationship between MOLP and DEA based on output-orientated CCR dual model, Expert Systems with
Applications37(6): 4331- 4336.

[8] Seiford, M., Zhu, J. (2002) Modeling undesirable factors in efficiency evaluation, European Journal of
Operational Research42(1): 16-20.

[9] Wong, B.Y.H., Luque, M., Yang, J.B. (2009) Using interactive multiobjective methods to solve DEA problems
with value judgements, Computers and Operations ReseaBéh 623-636.

[10] Yang, J.B., Wong, B.Y.H., Xu, D.L., Stewart, T.J. (2009) Integrating DEA-oriented performance assessment
and target setting using interactive MOLP methods, European Journal of Operational Researt®b(1): 205-
222.

34



A NON-RADIAL DATA ENVELOPM ENT ANALYSIS MODEL F OR WEIGHT
GENERATION IN THE AN ALYTIC HIERARCHY PRO CESS

EHSAN MOMENI
Department of Industrial Engineering, Firoozkooh Branch, Islamic Azad University, Firoozkooh, Iran

SEYED ESMAEIL NAJAFI
Department of Industrial Engineering, Science and Research Branch, Islamic Azad University, Tehran, Iran

FATEMEH ABBASI
Department of Management, Ayatollah Amoli Branch, Islamic Azad University, Amol, Iran

ABSTRACT

Recently, numerous studies have been performed in the context of using the data envelopment analysis (DEA) for
weight derivation in the analytic hierarchy process. One of these models is DEAHP which have some drawbacks.
The main drawback is that it only guuces true weights for completely consistent pairwise comparison matrices,
and there is no guarantee for generating logical and intuitive weights for other matrices with satisfactory
consistency ratio. In this article, a neadial DEA model is proposed tproduce local weights for pairwise
comparison matrices and it will be proved that the proposed model not only does produce true weights for
completely consistent pairwise comparison matrices, but also generates rational weights for matrices with
satisfatory consistency ratio.

Keywords:Data Envelopment Analysis; DEAHP; Weight Derivation; Slack Based Measure of efficiency.

INTRODUCTION

The analytic hierarchy process (AHP) is one of the crucial tools in the context of multi criteria decision
making (MCDM) problem. Obtaining the local weights of pairwise comparison matrices is one of the
important issues in the AHP. There exist several methods for this purpose. The most common one is eigen
vector method (EVM) (Saaty 2000). Afterwards, numerous methods have been proposed for weight
derivation such as the weighted least square method (Chu et al 1979), the logarithmic least square method
(Crawford 1987), the geometric least square method (Islei and Lockett 1988), the fuzzy programming
method (Mikhailov 2000), etc. Recently, some studies have been done in order to generate local weights
of pairwise comparison matrices using DEA models. One of the first studies is DEAHP (Ramanathan
2006) in which the output oriented CCR model is used to produce local weights for pairwise comparison
matrices, and it has been proven that it produces true weights for completely pairwise comparison
matrices. However the main drawback of DEAHP is that there is no guarantee to produce logical and
intuitive weights for pairwise comparison matrices with acceptable consistency ratio when it is used for
weight derivation because it only uses partial information of pairwise comparison matrix. Wang et al
(2008) developed a new DEA model, considering assurance region to overcome the DEAHP’s
Drawbacks. Mirhedayatian and Saen (in press) modified the DEAHP model using the super efficiency
DEA model and they revealed that their model prevents rank reversal in addition to cover DEAHP’s
drawbacks. More recently, Groselj et al (in press) proposed a new weighted geometric mean DEA method
(WGMDEA) for priority derivation in AHP and they cited that the significant benefit of WGMDEA is the
use of Linear Programming formulation in priority generation process.
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In this article, a non-radial DEA model is used to overcome the DEAHP’s drawbacks and it will be shown
that all data of pairwise comparison matrix is used to calculate the local weights. Afterwards, the final
weights of alternatives in a hierarchy structure will be calculated using the proposed model and it will be
revealed that the results are logical and consistent with data of pairwise comparison matrices.

DEAHP AND ITS DRAWBACKS

In the DEAHP, each row of the matrix is considered as a decision-making unit (DMU) and the columns
are viewed as outputs. A dummy input equals to unity is added to be solved by DEA models. Then the
following output oriented CCR model (Charnes et al 1978) is applied to obtain the local weights of
pairwise comparison matrix A:

Maximize v(yzé a u

r=1
én, =1
I
Subject to  1q au-n © jE.. n (N
Tr=t
fu,v20, r4..,n

Where W, is the efficiency score of DMUowhich is considered as its local weight. Model (1) is solved for all

DMUs to obtain local weights vector W*=(V\ll,...,wn)T of the comparison matrix A. It has been proven
(Ramanathan 2006) that the DEAHP provides correct weights for perfectly consistent comparison matrices
(a =a.a; for i, jki{L..n}.

Then the local weights are aggregated considering the alternatives as DUMs and their local weights with respect to

each criterion as outputs. In the DEAHP two following models (2,3) have been proposed for local weight
aggregation:

M
Maximize 3 "
e ral " Maximize w(@ ¢ w)
?71:1 ér=1M
Y Adw)el  j4..N
Subject to{a wu-n, ®, i .. N Subject to?l(g Lw;) ¢l j 4 0

:|:r=1 , ) 0
Inl’ur 2 01 I 4,...,M |'Jl

As it was discussed earlier, the main drawback of the DEAHP is that there is no guarantee to produce
logical and intuitive weights for pairwise comparison matrices which have satisfactory consistency ratio
(CR<0.1). The principal reason for the deficiency of the DEAHP dealing with non-complete consistent
pairwise comparison matrices is that it uses radial CCR model for weight generation. To clarify the matter
more, consider the following input oriented CCR model (4)(Charnes et al 1978) and output-oriented CCR
model (5) used in the DEAHP:
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Minimize g Maximize m

subject to g/, x¢ gx , 4., m subject to g /4 x ¢x, L=, m
j=1 jx
AV Yo o T As (3 aly *m. rlss  ©
j=1 it
/j20, j 4,..,n J/ 8, j L=,n

Which @'/ m is a proportion by which inputs/outputs of DMU, should be decreased/increased to be projected on

efficient frontier. model (4) and model (5) have the same optimum solution, that is: m :1/q* .The values of local
weights obtained, using model (1) and projected outputs of alternatives of matrix B are represented in Table 1:

Table 1- The efficiency scores and projected outputs ofl@rnatives of matrix B

Alternatives  Matrix B q m=1/q Projected outputs (y;, = my,, )
Al 1 2 3 4 4 1.000 1.000 1 2 3 4 4
A2 1/2 1 2 2 1 0.667 1.500 3/4 3/2 3 3 3/2
A3 1/3 1/2 1 2 3 0.750 1.333 4/9 2/3 4/3 8/3 4
A4 1/4 1/2 1/2 1 2 0.500 2.000 1/2 1 1 2 4
A5 1/4 1 1/3 1/2 1 0.500 2.000 1/2 2 2/3 1 2

As can be seen from Table 1, the outputs of each DMU are multiplied by /77 to be project on efficient

frontier. In the above matrix P°MY: is considered as efficient DMU and is the only reference set for other

DMUs, hence the outputs of other DMUs should be multiplied by a constant value /7’ to be projected on

¢ DMU

efficient frontier. For instance, the outputs o tare multiplied by M=15 1o be projected on efficient

frontier but as it is obvious from Table 1 the projected outputs of DMU; 4o not coincide with their

reference set outputs (i.e. The outputs of DIVIUl). Also, the other DMU’s outputs are not projected to the

DMU

efficient frontier with respect to their /7 ratio. Furthermore, it can be seen from Table 1 that sand

DMUs are recognized to have the same efficiency scores (4 = 0-5) when DEAHP was used. But it can be

directly found out from pairwise comparison matrix B, that A4 is more important than A5 (a45 =2 ). The

reason for these deficiencies of the DEAHP in projecting the DMUs to efficient frontier is to use Radial
CCR model, so it is necessary to use non-radial DEA models instead of radial models for weight
derivation in DEAHP. This will be discussed in the next section.

NON RADIAL DEA MODEL FOR WEIGHT DER IVATION

As it was explained in the previous section, using radial CCR model causes deficiency of the DEAHP
model in ranking DMUs. Whereas the non-radial models have stronger power in discriminating between
DMUs (Zhou et al 2007) , it is logical to use non-radial models to rank DMUs. One of these non-radial
models is slack based measure of efficiency (SBM) which was proposed by Tone (2001):

37



1-1mE s %
1+1/s8 S/ Ys

Minimize r

subject to J/, x+ 3 =x, iEk. m
j=1
a /Jyrj - $+ =Y, » f E...s (6)
j=1
/,20, j 4,..,n,
§20, i4..,m

+

s 20, r 4..,s

Where, § S;' is the slack value of ith input and rth output respectively, and r is the efficiency score. It was asserted

(Tone 2001) that the efficiency scores of the SBM is less than CCR. A DMU is SBM efficient if and only if r'=1

, because in this case all the slacks will be equal to zero and the DMU will be positioned on the efficient frontier.
The output oriented(7) and multiplier(8) form of SBM model is as follows:

Minimize r = _.15 s m
1+1/sa S /Y% Maximize 1+3 Uy - & VX
n r=1 i %
subject to § /. x¢ x , id.., m : N . :
,-az'l IR subject to auy- awx @, jE., N
'T/. -8 =y E.., 7 s [} .
2-1 Jer $ yo r S ( ) V| 2 igi l:]: i 4,...,m, (8)
m/\ 7
1,20, j 4..n, ] &% v
§20, r4..s Hauy, -avy o,
u 2 —= L & U r 4..s.
S é¥% u

As it was cited, the efficiency score of the SBM is less than the CCR model. The reason is lied in the

lower bound of multipliers u,,V, existed in the CCR model. As it is clear from model (1) the lower bound

of multipliers u_,v, equals to zero (i.e. U,V 2 0) and this leads to ignoring some outputs in efficiency
r V1 r1» vl

score calculation because some of U, , according to their lower bound will become zero in optimum

n

solution in the objective of model (1) (Maximize w, = a a,, U, ) and this in turn causes more DMUs
r=1

(alternatives/criteria) to be recognized as the efficient one, while the lower bound of multipliers u,,V, in

model (8) is more than zero and is proportional to the values of outputs/inputs of the DMU selected for

1+é U Yo - a Vi Xio
i=1

efficiency calculation (u, 2 r=l %3 r=1..,s, 2 l?g . i=1..,m)- Inother
S €Yo U meXo U

words, the more efficiency score the DMU has the more lower bound is assigned to its multipliers, so it
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will have more efficiency score in the optimal solution. Hence, it is reasonable to use non-radial SBM
model instead of Radial CCR model to overcome the DEAHP’s drawbacks. Since the columns are viewed
as outputs and a dummy input equals to one is considered in the DEAHP, The SBM (9) model for weight
derivation of pairwise comparison matrices can be reformulated as follows:

Maximize w= 1 4an_ ug v
=1

subject to an up- v, JE..n
r\Zzl , 9)
1+("';r:iluraro Mat1 g
u, 2 %35 ﬂ r 4,...n.

Where W, is the local weight of the alternative/criterion evaluated which is considered as DMU . Solving model

(10) for all alternatives/criteria their local weights vector will be acquired W™ = (Wl W:)T . We call model (9) as

slack based measure of efficiency for weight derivation (SBMWD) for simplicity.

Now, we want to produce local weights vector for matrix B using the SBMWD model (9). The efficiency
scores of alternatives of matrix B and the projected outputs are represented in Table 2:

Table 21 The values ofw,, S: and projected outputs of alternatives for matrix B using the SBMWD model

Slacks optimum values (

4 w, +

-% Matri B © S ) Projected outputs
c atrix Non- . ~ + + + + + ( y* =y +Sr+)
£ normalize NOrMalize g § S, S 0§ 0§ oo

< d d 12

Al 1 2 3 4 4 1.000 0.445 1 0 0 0 0 0 1 2 3 4 4
A2 1/2 1 2 2 1 0.435 0.194 2 1/2 1 1 2 3 1 2 3 4 4
A3 1/3 1/2 1 2 3 0.375 0.167 3 213 3/2 2 2 1 1 2 3 4 4
A4 1/4 1/2 1/2 1 2 0.250 0.111 4 3/4 32 5/2 3 2 1 2 3 4 4
A5 1/4 1 1/3 12 1 0.185 0.082 5 3/4 1 8/3 712 3 1 2 3 4 4

It can be realized from Table 2 that the ranking obtained using the SBMWD model (9) is compatible with
the ranking obtained by the EVM and there is not considerable difference between the weights acquired
by utilizing both method (see Table 1 for comparison). The slack values for the alternatives of matrix B,
by using the envelopment form of the SBMWD model (model 7), are also illustrated in Table 2. From the
five last column of Table 2, it can be found out that projected outputs of inefficient DMUs A2, A3 A4,
A5 will coincide with the outputs of efficient DMU (i.e. Al) and this implies that after projection using
the equation y" =y _+s" , all “inefficient DMUs are positioned on the efficient frontier which involves

Al, while as it was seen in Table 1, this accurate projection did not occur in the DEAHP which used the
radial CCR model in which a constant ratio # was used to project inefficient DMUs on efficient frontier.
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As it was cited in the previous section, in the DEAHP, the lower bound of multipliers u,,v,equals zero
(i.e. u,,v; 2 0 ) and this causes some multipliers to have the value of zero in optimal solution which in
turn leads to ignorance of these outputs in the efficiency score calculation, while in the SBMWD model

N . . :I'-'-auraro_vlélﬂ

(9)_ the lower bound of multipliers is greater than zero (ie. y, =1 y 2 — = e r=1..n)
n €8, U

and this causes considering all outputs in the efficiency score calculation. For instance, the values of

multipliers U, for matrix B using the DEAHP and the SBMWD model (9) are represented in Table 3:

Table 31 The values of multipliersi& obtained for matrix B by using the DEAHP and SBMWD

DEAHP SBMWD
Alternatives U u, Us u, Us U u, U u, Us
Al 0.000 0.000 0.000 0.000 0.250 0.200 0.100 0.067 0.050 0.050
A2 0.000 0.000 0.333 0.000 0.000 0.174 0.087 0.043 0.043 0.087
A3 0.000 0.000 0.000 0.000 0.250 0.225 0.150 0.075 0.037 0.025
A4 0.000 0.000 0.000 0.000 0.250 0.200 0.100 0.100 0.050 0.025
A5 0.000 0.000 0.000 0.000 0.250 0.148 0.037 0.111 0.074 0.037

From Table 3, it can be seen that the most of multipliers U, obtained using the DEAHP, became zero and
this led to ignorance of some outputs in the efficiency estimation. Since the objective of model (1) is to

n

maximize the weighted summation of output (Maximize w, = a a, U, ), the greater outputs will have
r=1

the higher value of u, in contrary, while, the second constraint of model (1) implies that the efficiency

n
score of evaluated DMU must not be higher than one (i.e. § a, u, -, ¢0), the corresponding
r=1

multipliers for lower outputs will become zero in optimum solution. For instance, the maximum output
or alternative 3 equals 3 (8,; =3) and its corresponding multiplier’s value equals 0.25 in the optimum

solution (u,” =0.25) and the other outputs multipliers are zero (u,” =u,” =u, =u,” =0), while as it

clear from the last five columns of Table 3, all the multipliers acquired using the SBMWD model (9), are
greater than zero, that is, all the outputs are considered in the efficiency score calculation. Also, it could
be realized that the lower is the output, the higher multiplier will be assigned, and vice versa. For
example, the minimum and maximum values of outputs for alternative 3 are the 1% and 5™ outputs ,

respectively, for which their corresponding values are ul* =0.225, us* =0.025 respectively.

CONCLUSION

In this paper, the drawbacks of the DEAHP were examined and it has been revealed that there is no
guarantee to generate logical weights for pairwise comparison matrices with satisfactory consistency ratio
using the DEAHP. It was also claimed that the principal reason for these drawbacks is the use of radial
CCR model in the DEAHP. Then, using the non-radial DEA models a new model, namely, SBMWD was
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proposed for weight derivation. Then, the final weights of alternatives in a hierarchical structure in the
context of the best strategy selection were obtained, using the SBMWD model and it was revealed that the
SBMWD model produces logical and intuitive weights.

Due to the linear form of the SBMWD model compared with the EVM which is a non-linear method, and
the ease of its application, it is expected to use the SBMWD in the future studies in the context of using
the AHP for new applications. The future research could be performed in the context of using DEA
models for weight generation in the network structures.
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ABSTRACT

Offshore ferry transportation plays an important role in offshore transportation services between mainland and its
offshore islandsand among those offshore island@ncelow volume routes &quenty operate at a lossthe
government offers financial support for offshore ferry roufBsis paper offers gperformancebased method
constructedby the data envelopmentinalysisto help governments allocatibsidyto individual offshore ferry

routes. Theroposed method considers the concepts of estfasency and structure efficiency, simultaneously. The
allocation results of current ferry subsidy allocation policy and the proposed method are compared. The results may
provide valuable suggestions farfy firm subsidy budget allocation policies in Taiwan.

Keywords Ferry; Route Data envelopment analysis

INTRODUCTION

Offshore ferry transportation plays an important role in offshore transportation services between mainland
and its offshore islands and among those offshore islands. Particularly low demand routes frequently
operate at a loss because they are socially necessary but not commercially viable. Thus, the government
offers financial support for offshore ferry routes as operating losses and investment needs increase. Since
the 1980s, the Taiwanese government has provided financial support for public transit and stipulated
conditions on the allocation of subsidies to different forms of transportation. The current form of subsidy
is applied by offshore ferry firms, which is then audited by the Ministry of Transportation and
Communication (MOTC) to determine whether to provide budgetary compensation for their losses.
However, this form suffers several disadvantages. These disadvantages highlight the importance of
designing equitable and balanced subsidy policies based on performance.

Data envelopment analysis (DEA) has been developed to deal with the problem of allocating the fixed
cost among peer decision making units (DMUS). Since the subsidy can been treated as an additional fixed
input to impact on the performance of offshore ferry firms, DEA-based cost allocation approach can been
used to cope with subsidy-allocation problem. The cost-allocation problem based on the DEA method
was first introduced by Cook and Kress (1999). Extensions of cost allocation models are by Beasley
(2003), Amirteimoori and Kordrostami (2005), Cook and Zhu (2005), Li et al. (2009), Lin (2011), Li et
al. (2012), Lotfi et al. (2013), Du et al. (2014), etc. However, most of above studies produce a self-
evaluation efficiency score determined by a specific DMU. Du et al. (2014) used the cross-efficiency
concept to construct the DEA-based cost allocation model. In their method, the cost allocation was jointly
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determined by all DMUs. Such allocation is more acceptable by all DMUs. Hence, this paper uses the
model proposed by Du et al. (2014) to construct the subsidy allocation model. However, the purpose of
subsidizing those DMUs from the authority is not only to increase each DMU’s performance but also
improve the performance of the authority itself. In order to take the performance of the authority itself
into consideration in the subsidy allocation model, we integrate the concept of structural efficiency first
appeared in Farrell (1957) and followed by Foérsund and Hjalmarsson (1979) into the proposed model to
allocate subsidies among DMUSs,' using a case study of Taiwanese offshore ferry routes.

The contributions of this paper are twofold. In terms of method, we propose a DEA based subsidy
allocation model that considers the concepts of cross-efficiency and structural efficiency to construct a
performance-based subsidy allocation method. In terms of subsidy allocation, we provide a performance-
based perspective to allocate subsidy. With this perspective, the unit with higher efficiency will be
allocated a greater portion of the subsidy than the one with lower efficiency.

The remainder of this paper is organized as follows. The next section explains the methodology and
provides a numerical example. Section 3 describes the data and discussed the empirical results. Lastly,
Section 4 draws a conclusion.

METHODOLOGY
DEA based subsidy allocation model

Suppose that there are J DMUs with input and output vectors(x;, y;)for j=1...,J. Each DMU
consumes M inputs to produce N outputs. A fixed amount of subsidy R is distributed among J DMUs and
each DMU j is allocated a subsidy r; such that a ?zlrj =R.Taking the subsidy into consideration, the

efficiency model can be written as follows:

aj g “a
Ek(k):maxga 6 Y agxn s K (1)
n=1 - m
o N k ~ '\A.O 6
st EJ¢ga-q"lynJ /g %&Xﬂj -'_\kllﬂijk ]gbj 11:1‘]
n=1 - m -~
(1.1)
at o 9 Ma, < -
Eta uY, b %};nxm e R X (1.2)
Cn=1 - mg
J
ar =R (1.3)
j=1
r20,j 4..J (1.4)

! Structural efficiency is a measure of the performance of an industry as a whole, indicating how an industry is
performing relative to its own best firms.
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where 0CE, E @, Y =(/J)a o ¥ and X, =(/Jda i1 % - Equation (1.1) shows that any DMU |

should be at or above its current best efficiency. Equation (1.2) ensures that the allocation also benefit the
whole group at or above the current best structural efficiency. Initially, E; and E, are the efficiencies

obtained by solving the conventional CCR model (Charnes et al., 1978).

Using these optimal values r, j=1...,d, Ui, n=1..,N, vy, m=1...,M, and vy, obtained by

Model (1), the cross-efficiency of DMU | can be computed as (Sexton et al., 1986; Dolyle and Green,
1994):

'—(1/J)a E|(|<) :(1/3)3?18# ¥ Z Zé % -'gﬂ jr §81_ N 2
and
E = (1/J)a E(K %1/ aeae ai \ﬁ é; X0 M Rl ©)

k £ e(; n 1= T mil=
Following the iterative procedure for deriving the optimal allocation proposed by Du et al. (2014), the
initial values of parameters E; and Eare given by the conventional CCR efficiencies, and then Model
(1) is solved to obtain an optimal solution for computing new E; and E in Equations (2) and (3). In the

next iteration, the new E; and E  are substituted into Model (1) to obtain the next optimal solution. This

process repeats until the cross-efficiency scores of any DMU j and the whole group cannot be further
enhanced. Then, the optimal subsidy allocation among all DMUs can be obtained and computed as:

r= (1/J)é:1 re (4)

Numerical example

In order to illustrate our method for subsidy allocation, we use the numerical example given in Cook and
Kree (1999), Beasley (2003), Cook and Zhu (2005) and Du et al. (2014). The data for this example is
shown in Table 1 and involves 12 DMUs, 3 inputs and 2 outputs. However, we reset the input and output
values of individual DMU. We let DMU 1 has the greatest input values and the lowest output values
among 12 DMUs, DMU 2 has the second greatest input values and second lowest output values among 12
DMUEs,..., and so on. As in Beasley (2003) and Du et al. (2014), we suppose that there is a fixed subsidy

R=100 to be allocated among the 12 DMUs.

The seventh column in Table 1 presents the efficiency scores of 12 DMUs evaluated by the conventional
CCR model, in which the efficiency score of DMU 1 is the lowest, the efficiency score of DMU 2 is the
second lowest,..., and so on. After allocating subsidies by our method, all 12 DMUs become efficient.
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The allocation results exhibit the property that the DMU with higher efficiency will be subsidized more
than the one with worse efficiency. It verifies that our method is a performance-based subsidy allocation
approach.

Table 1: Numerical example

Efficiency Efficiency Subsidy

DMU Input1 Input2 Input3 — Outputl  Output2 before allocation after allocation  allocation
1 540 64 17 25 350 0.149 1.000 0.000
2 444 64 10 67 445 0.400 1.000 1.390
3 444 39 9 70 457 0.418 1.000 3.819
4 422 33 9 72 584 0.453 1.000 5.906
5 360 31 8 73 590 0.538 1.000 6.380
6 350 29 7 74 611 0.561 1.000 6.959
7 323 26 6 75 665 0.616 1.000 7.936
8 323 25 6 75 751 0.616 1.000 8.991
9 301 25 6 75 1070 0.818 1.000 13.660
10 298 18 5 78 1072 0.894 1.000 14.250
11 281 16 5 83 1074 0.896 1.000 14.439
12 276 16 5 104 1199 1.000 1.000 16.269

ALLOCATE THE SUBSIDIE S AMONG OFFSHORE FERRY ROUTES
The data

The data set used in our paper consists of 7 routes that need government subsidies. The data were drawn
from the Transportation Management Unit of MOTC. Since the outputs of a route cannot be stored, the
produced outputs are not equal to the consumed outputs. Hence, there are two separate measures of
outputs: the produced output type (e.g. ship-miles) and consumed output type (e.g. passenger-miles). The
combination of produced outputs and consumed outputs is related to “overall” performance (Karlaftis,
2004). In terms of produced output, the ship-miles is chosen. It is defined as round trips multiplied by the
round trip distance in nautical miles. In terms of consumed output, total revenue is selected. As for the
input variable, the operating cost is used.' It includes fuel and lubricant cost, port charge, ship and
equipment depreciation, personnel cost, insurance cost, administration cost, ship repair cost, station rent,
capital investment, outsourcing cost and other cost. The descriptive statistics for input and output
variables are presented in Table 2. Besides, under the current subsidy allocation policy, the total of
subsidies is NT$ 37,045,000. In this paper, we reallocate this account to individual routes by the proposed
performance-based subsidy allocation method.

Table 2: Variables and descriptive statistics

Mean Standard deviation Maximum Minimum

Operating cost (NT$) 48907817 33680295 93827885 9310234

Total revenue (NT$) 33634102 21936764 68055692 4496090
Ship-miles 27402 15074 52920 5548

! Since the operating loss is the difference between a route’s revenue and cost, it is more appropriate to use total
revenue and operating cost as consumed output variable and input variable, respectively.
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THE EMPIRICAL RESULT

Table 3 reports the related results of subsidy allocation. Before the subsidy allocation, only Routes C and
F are efficient and the structural efficiency is 0.8. After the subsidy allocation based on the current policy,
although Route G changes its efficiency to 1, remaining routes do not change their efficiency scores. In
addition, the structural efficiency score also stays unchanged. Contrarily, after subsidy allocation in the
proposed method, all routes and the whole group become efficient which implies that the proposed
allocation adding as one fixed input ensures that the subsidy allocation is performance-based.

The current allocation policy is based on the operating loss to distribute the government subsidy. If a
route has more operating loss, it will obtain more subsidies. From Table 3, we can know that since Route
A has the most operating loss, Route A obtains the most subsidies, while Route G obtains the lowest
subsidies due to the lowest operating loss. However, this method may cause the situation that offshore
ferry firms may report their operating losses untruthfully. Hence, this paper proposes the performance-
based subsidy allocation method. Compared to the current allocation policy, our method decreases the
subsidies of Routes A and B and distributes those subsidies to other routes. Although Route A still
obtains the most subsidies, the rate is from 46% to 28%. And, the subsidy of Route B is lower than that of
Route E after adopting our method. These results indicate that the operating loss is not the only indicator
to distribute subsidies.

In addition, Li et al. (2009) argued that a smaller gap on the allocated costs among DMUs would facilitate
the allocation plan to be implemented easily. According to the perspective, we use the following equation
to explore the difficulty in implementation of these two methods. The equation is written as:

alr-R ®)
j=1

In the current allocation policy, the value computed in Equation (5) is 31242561, while in our method, the
value is 15071728. The gap on the allocated subsidies based on the current policy is larger than that based
on our method. The result indicates that our method bring the lower difficulty in the allocation
implementation.

Table 3: Efficiency and subsidy allocation

Efficiency before allocation Efficiency after allocation Subsidy allocation
Routes Current Proposed Current Proposed
policy method policy method
A 0.63 0.63 1.00 16998582 10220504
B 0.79 0.79 1.00 8983643 6202602
C 1.00 1.00 1.00 1061779 4200604
D 0.97 0.97 1.00 2079350 5725568
E 0.85 0.85 1.00 5515484 6555762
F 1.00 1.00 1.00 2182496 3068469
G 0.96 1.00 1.00 223666 1071492
Structural 0.80 0.80 1.00
efficiency
Total 37045000 37045000
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CONCLUSIONS

This paper provides a performance-based method, which combines the concepts of DEA cross-efficiency
and structural efficiency, to allocate subsidy among a set of DMUs. This method is used to allocate
subsidies of 7 offshore ferry routes in Taiwan. The result indicates that the operational loss is not the only
indicator to distribute subsidies under the proposed performance-based subsidy allocation method. And,
this proposed performance-based subsidy allocation method is more easily implemented than the current
subsidy allocation policy.

This paper finally proposes one way for a future research. In this paper, we treat the subsidy as an
independent input variable. However, the subsidy may be complement to other input variable. Future
research would explore the subsidy allocation by treating the subsidy as a dependent variable.
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ABSTRACT

This paper applies the twstage double bootstrap DEA model of Simar and Wilson to analyse the technical
efficiency of rice farms in Ghana using datasets from the Ghana Stdtistodace. This procedure ensures
consistent inference within the models explaining the technical efficiency estimates. The DEA bootstrap procedure
was used in the first stage to estimate the technical efficiency scores of the rice farms and, in thetagepthe
determinants of technical efficiency were identified using the bootstrapped truncated regression. The empirical
results revealed that, on average, rice farmers are about 62% inefficient in their input use for rice production.
Thus, there ishe tendency to improve the level of rice output in Ghana within current resource use levels. The
second stage regression procedure identified fertilizer usage, rainfall, temperature and age as significant factors
influencing the efficiency of rice farmsnproved fertilizer use and irrigation facilities have the potential to improve

the efficiency of farmers. Further, the rice industry could benefit from encouraging young farmers to enter or stay in
the industry.

Keywords bootstrap truncated regressipDEA; double bootstrap; technical efficiency, tstage

INTRODUCTION

The rising nature of the world’s population poses a threat to food security, particularly in developing
countries where food production is constrained by low productivity and where there is no evidence of
efficiency catching up (Asenso-Okyere and Jamaneh, 2011; Mugera and Ojede, 2013). As a remedy, the
rice crop has been earmarked as a food security crop and is currently being promoted in many developing
countries, mainly Africa. In Ghana, rice now ranks second to maize as an important staple (JIRCAS,
2012) with consumption estimates around 30 kg/capita per year. However, by 2015, this is projected to
increase to as much as 63 kg/capita per year driven by steady gains in income, urbanization and change in
consumer behaviour (MOFA, 2009). Despite the increasing demand for the crop, local production
accounts for less than 70% of consumption. Efforts targeted at increasing the domestic production have
not yielded the desired result. Suggestions for a revision of the strategies aimed at boosting local rice
production to meet demand have been made. Improving the volume of rice production in Ghana may be
achieved either through the introduction of new technologies or through improvements in efficiency
levels (Belbase and Grabowski, 1985, Kalirajan et al., 1996). While technological advances hold the key
to long term productivity, efficiency improvements have the potential to raise productivity in the short
run. Performance measurement of rice production should therefore be given a priority and policies
targeting enhancement need to be designed.

Efficiency measurement has captured a great deal of attention for the last half century and yet continues
to be an area of rapid research innovation with techniques developed being applied to an expanding
number of research and policy problems. A key element in this research is the introduction of the frontier
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methodology by Farrell (1957). Since then, there have been many applications in developing countries
agriculture (Al-Hassan, 2008; Balcombe et al., 2008, Battese, 1992). Broadly speaking, the frontier
approach is of two types: parametric and non-parametric. The parametric approaches are increasingly
dominated by stochastic frontier approaches that use econometric technigues to estimate technology
parameters and efficiency levels. On the other hand, the non-parametric approach is dominated by data
envelopment analysis (DEA) which measures efficiency relative to a deterministic piece-wise linear
frontier constructed using linear programming techniques (Fried et al., 2008).

The deterministic nature of the non-parametric approaches has made them less appealing to researchers
particularly those in economics and statistics. Simar and Wilson (2007) highlighted the deficiency of the
deterministic DEA method of sample estimates that exaggerate the level of efficiency within a sample.
The authors proposed the use of the bootstrap DEA approach to correct for the estimates of technical
efficiency. The bootstrap DEA approach enables consistent inference within the models explaining the
efficiency estimates, while simultaneously producing standard errors and confidence intervals for these
estimates. This procedure improves the statistical properties of the model and provide valid inferences for
concrete policies. The bootstrap procedure is applied to a truncated regression of non-parametric DEA
efficiency estimates on explanatory variables in a two-stage procedure explaining the sources of
inefficiency variations within the samples of individual farms. Two algorithms (single or double
bootstrap) were introduced by the authors. In the single bootstrap procedure, the technical efficiency
estimates are regressed on a parametric truncated regression. The double bootstrap, which has been
adopted in this paper, applies bootstrap procedures in both the first and second stages.

Although the literature on efficiency within the Ghanaian agriculture is limited, the parametric frontiers
(SFA) have tended to dominate. However, parametric frontiers are widely acknowledged to suffer from
wrong misspecification if an appropriate functional form or distributional assumption is not used.
Therefore, DEA (bias corrected) becomes a preferred measure of estimating technical efficiency because
it avoids parametric specification of the technology and the distribution of the inefficiency term. This
paper is the first empirical application of the double bootstrap DEA method introduced by Simar and
Wilson (2007) to the analysis of the technical efficiency among Ghanaian rice farmers or agriculture in
general.

The rest of the paper is organized as follows. A brief summary of the methods including the data used is
presented in the next section. This is followed by a presentation and discussion of the results. Section 5
concludes the paper and draws some policy implications.

METHODS

In the first part of the two stage approach proposed by Simar and Wilson (2007), technical efficiency
scores are obtained using the DEA procedure. The DEA approach assumes that all farms within a sample
have access to the same technology for the transformation of a vector of N inputs denoted by X, into a
vector of M, outputs, assigned as y. This technology can be described by the set:

YPTY Y asie WY Y Y ORI ¢ QaTBQ )
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Where; off 'Y is a vector of N inputs used to produce a vector of M outputs,T Y . The upper boundary of
the technology is of interest for efficiency measurement. Inefficient farms operate at the points in the
interior of T with the distance from each point in T to the frontier representing inefficiency. Observations
on the frontier are deemed efficient (Nedelea and Fannin, 2013).

In this study, an input oriented, variable returns to scale (VRS) approach is used based on the assumption
that farmers in developing countries do not operate on an optimal scale. The Farrell (1957) input-oriented
measure of technical efficiency is:

[ ofto T E— mo B _onN—w B _onB _ ph_ m'Q p8¢ q

where; —is the input technical efficiency measure having a value of 1  — p. If — p, then the farmer
is on the frontier. w is a vector of outputs and @, vector of inputs. The vector _ is an N x 1 vector of
weights which defines the linear combination of the peers of the i-th farmer. _ @ and _ « are efficient
projections on the frontier. The linear programming problem is solved N times, providing a value for each
farmer in the sample.

The most common procedure employed in the second stage of the analysis is an Ordinary Least Squares
(OLS) or Tobit regression of the DEA efficiency estimates against environmental variables in the
parametric second stage procedures (Stanton, 2002). However, this procedure might suffer from serial
correlation and bias problems in the efficiency estimates as well as a correlation between the error term
and the explanatory variables in the second stage model. Simar and Wilson (2007) proposed a double
bootstrap procedure, where the bias corrected scores are used in a parametric bootstrap on the truncated
maximum likelihood estimation. Confidence intervals are then constructed, for the regression parameters
as well as for the efficiency scores. The second stage regression model is specified as:

m o— af - p Q phBR o
where; — is the DEA technical efficiency of the i-th farm, R is the statistical noise assumed to be
normally distributed with left truncation at -Uf and right truncation at 1- zb, z is the vector of factors

proposed to influence the efficiency of farms. For more detailed description of the double bootstrap
approach used to implement this, see Simar and Wilson (2007) and Nedelea and Fannin (2013).

DATA

The data for this study was obtained from the Ghana Living Standard Survey 2005-2006 (GLSS 5)
produced by the Ghana Statistical Service, an official government agency mandated to generate statistical
data in Ghana. For the purposes of this study, only rice producing households in Ghana were considered.
A total sample size of 162 was employed in the estimation. The measure of output is the total quantity of
rice harvested in kilograms. Inputs used are labour measured in man-days, land area measured as total
land cultivated in hectares, and other input costs are in Ghana Cedis.

The descriptive statistics of the data are presented in Table 1. The table reveals that most farms are on the
small scale level with an average of 1.6 hectares. This is consistent with previous studies (Abatania et al.,
2012, Al-Hassan, 2008, Coelli et al., 2002). The average rice yield is 369kg~0.369tons/ha.
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Table 1: Summary statistics and variable definition

DEA variables Mean Std. dev.
Output and input variables

Rice yield (Kg) 369 356
Cultivable area (ha) 1.6 1.17
Labour ( man-days) 289 213
Other variable inputs (Expenditure ) 230, 000

Determinants
Environmental factors

Rainfall 79 0.64
Temperature 29.2 16
Farmer specific factors

Age (years) 44 15
Gender (dummy) 0= Male 1=Female

Education(dummy) 0= Illiterate  1=Educated

Married (dummy) 0= Single 1=Married

Farm management factors
Hired labour (dummy)
Fertilizer (dummy)

=No 1=Yes

0
0= No 1=Yes

** 9050 Cedis was equivalent to 1USD

In terms of input quantities, the average labour in man-days is 289 and while the average level for other
inputs is 230,000 Cedis (25.4 dollars). The farmer-specific variables give a summary of the characteristics
of the rice farms in Ghana. The age of the farmers range from 26 years to 95 years with an average of
45years. Out of the 162 farmers sampled, 151(93%) are males as opposed to 11(7%) females. The
educational level of the farmers was measured as dummy. In terms of the environmental factors, the mean
temperature and rainfall levels are 29.2 degree Celsius and 79 mm/year, respectively.

RESULTS AND DISCUSSIONS

Table 2 reports the standard and the bias corrected DEA technical efficiency estimates. The uncorrected
mean technical efficiency was 0.48 while the bias corrected efficiency is 0.38, indicating that the
uncorrected estimates are upward biased.

Table 2: DEA technical efficiency estimates

TE (VRS) Bias corrected Lower Bound Upper Bound
Mean 0.48 0.38 0.27 0.46
Std. dev. 0.27 0.20 0.146 0.26
Minimum 0.12 0.1 0.07 0.11
Maximum 1 0.89 0.70 0.99

In explaining the factors that influence efficiency of farmers, the Simar and Wilson (2007) bootstrap
approach was applied. The dependent variable in the model is farm technical efficiency and a positive
coefficient implies a positive marginal effect on efficiency and vice versa.

The second stage was implemented for the two algorithms described in Simar and Wilson (2007) and
these are reported as Model 1 and Model 2 results in Table 3. The results show that age of head of
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household has a negative and statistically significant effect on technical efficiency. Other household
characteristics are found to be statistically insignificant and have coefficients with both positive (e.g.
formal education) and negative (e.g. hired labour) signs.

Table 3: Determinants of technical efficiency: Results from secorstage bootstrap

Model 1 Model 2
Variable Estimate Bootstrap 95% Bootstrap Estimate Bootstrap 95% Bootstrap
SE C.L. SE C.L.

Lower Upper Lower  Upper
Rainfall 0.004* 0.002 -0.000 0.007 0.010** 0.001 0.000 0.005
Temperature 0.070 0.050 -0.023 0.170 0.003** 0.004 0.005 0.022
Age -0.004*** 0.001 -0.006 -0.001  -0.004*** 0.001 -0.007 -0.002
Hired labour  -0.010 0.040 -0.090 0.070 -0.020 0.042 -0.109 0.059
Fertilizer -0.050 0.050 -0.140 0.049 -0.080* 0.044 -0.167 0.008
Gender -0.090 0.090 -0.270 0.084 0.060 0.111 -0.164 0.287
Education 0.050 0.080 -0.110 0.210 -0.050 0.105 -0.292 0.135
Married -0.040 0.040 -0.104 0.184 -0.040 0.076 -0.177 0.122

*xk ** * denote significance at 1% 5% and 10%. Model 1 is based on Algorithm #1 and Model 2, Algorithm #2

Rainfall, a proxy for water availability turned out to be highly significant in the model, implying water is
very essential in improving the efficiency of these farmers. Temperature has a positive effect on
efficiency.

CONCLUSIONS

Ghana barely meets the demand for rice locally and makes up the shortfall through importation.
Suggestions have therefore been made to increase local rice production to improve the welfare of people
and increase government savings through a reduction in food importation. As a short term measure,
efficiency of rice production needs to be considered. In this paper, we apply recent advances in the
frontier methodology to examine the level and determinants of technical efficiency of rice farms in
Ghana. The mean bias-corrected and uncorrected technical efficiency estimates were found to be 38% and
48%, respectively. On average, rice farmers are found to be highly inefficient. This finding points to the
importance of efficiency improvements in increasing productivity in Ghana. The study also identified that
factors such as age of head of household, rainfall, temperature and fertilizer usage affect efficiency levels.
A policy that encourages younger farmers to enter or stay in agriculture and improves access to irrigation
services would help improve productivity.
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ABSTRACT

Most of the banking institutions nowadays have catered to the needs of the micro enterprisers, such as the rural
banks andhrift banks. This paper analyzes the efficiency of banks with microfinance operations, using the Data
envelopment analysis (DEA) method under the two banking approaches: asset and intermediation, using the
Philippine data sets. Our DEA model uses théofahg inputs: fixed assets, total equity and deposits under the
asset approach, while number of branches, number of personnel, deposits and operating expenses under the
intermediation approach. Both two approaches use loans as their output variable eligite revealed that rural

banks are more efficient than thrift banks under the asset approach based on the number ofrdekisigrunits

(DMUs) at 100% efficiency scores. The intermediation approach resulted in an average of 76.55% technical
efficiencyscore. Overall, about 25% of the DMUs performed at 100% efficiency level under both approaches. Most
DMUs operate below 100% efficiency and the average technical efficiency using the asset approach is
approximately 83%, which is about 5% higher than thermediation approach. The paper further test the validity

of the DEA model using thdannWhitney Ufor testing any significant difference. Our findings suggest that both
asset and intermediation approaches have no statistically significant differendgbeirtechnical efficiency
performance of micrdinancial institutions. These new findings are added empirical contributions to the
microfinance efficiency.

Keywords efficiency; microfinance; bankingata envelopment analysis

INTRODUCTION

The concept of microfinance is not new. Savings and credit groups that have operated for centuries are
found all over the world. Formal credit and savings institutions for the poor have also been around for
decades to provide customers who were traditionally neglected by commercial banks a way to obtain
financial services through cooperatives and development finance institutions. The microfinance
revolution, which started about decades ago, is characterized by pursuing and developing adequate modes
of operation that allowed serving an increasingly growing number of micro-entrepreneurs and low income
clientele on a sustainable manner. The basic change compared with the past performance of the
microfinance industry is rooted in reaching out to a much larger target clientele, while pursuing full cost
coverage of the financial, administrative and risk costs associated with serving the microfinance clientele.

Schreiner (2002) pointed out that microfinance is the supply of saving and loan services to the poor.
Similarly, Zeller and Sharma (2000) insist that microfinance contributes to the well-being improvement of
the poor. Barboza and Bareto (2006), Aniket (2005), DeAghion and Morduch (2005) argue on the
importance of microfinance as essentially a means of providing low income households with the
opportunity to benefit from the same rights and services that others have.
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According to Aniket (2005), if appropriate procedures are followed, loans within the sector would not be
as risky as some would like to have it believed. Furthermore, if microfinance has become very successful,
it is mainly a result of constant improvement in its system of loans. In the studies conducted by various
authors (Nenovsky et al., 2008, Abidin and Cabanda, 2007; Gonzalez, 2007; Jemric and Vujcic, 2002;
Cingi and Tarim, 2000; Jackson and Fethi, 2000; and Zaim, 1995), one of the output variables used was
loans.

In the Philippines, performance of banks with microfinance operations were analyzed on the basis of
financial statement figures. These financial statement figures may show the results of the operations and
the actual worth of the banks as of a given date. However, evaluating its performance by its inputs and
outputs is also of paramount importance. As Koopmans (1951) and Debreu (1951) had pointed out,
production activity is characterized by the use of a set of inputs and outputs. For instance, in the study
conducted by Nenovsky (2008), he used several inputs as follows: number of employees, deposits, and
fixed assets. Other authors, like Gonzalez (2007), used deposits and equity as inputs. This holds true for
other various authors, like Jemric and Vujcic (2002), Mukherjee (2002) and Chamber et al. (2006) who
used a combination of input variables to analyze the performance of decision-making units.

This research aims to analyze and measure the performance of banks with microfinance operations
classified into two types, namely: rural banks and thrift banks. Specifically, the objectives of this research
are: (1) evaluate the financial performance of rural banks and thrift banks with microfinance operations,
(2) determine and compare the efficiency performance of these banks using the DEA model under the
asset and intermediation approaches, (3) examine any significant association between efficiency and
financial performance of banks.

METHODS
The Model

This study applied DEA, using the input-orientation under the variable returns to scale (VRS) assumption.
In the input-oriented approach, DEA frontier seeks the maximum possible proportional reduction in input
used while maintaining the number of outputs produced from each firm (Coelli et al. (2005). Productivity
is usually defined as an index of outputs divided by an index of inputs. Banker et al (1984) proposed a
VRS assumption when DMUs are not operating at an optimal scale due to some internal/external
constraints. The DEA linear program is very extensive and has a large computational problem. To
overcome this problem, we calculated the technical efficiency, using the specialized computer program
known as the Efficiency Measurement Systeviersion 1.3 by Holger Scheel.

Other Performance Indicators

To evaluate the performance of the microfinance banking institutions, the following financial measures
that identify the level of financial performance are computed and analyzed: return on equity (ROE), return
on assets (ROA), net interest margin (N1M), efficiency, outreach and sustainability.

Inputs and Outputs Selection

57



We consider the type of banking approaches best suited for our analysis based on the existing efficiency
literature. Under the asset and intermediation approaches, the only output variable used is loans. They
differ, however, in the input variables, in which the following variables used are taken from the statement
of financial position using the asset approach: deposits, fixed assets, and equity; whereas under the
intermediation approach, the input variables are: deposits, operating expenses, number of branches, and
number of personnel. Thus, there are three (3) inputs under the asset approach and four (4) input variables
under the intermediation approach selected to evaluating the performance of banking institutions with
microfinance operations (see Table 2). The input variables used are (1) number of branches (Mukherjee
and Pal, 2002), (2) number of personnel (see Nenovsky et al., 2008; Guti“errez-Nieto et al, 2009; Haq et
al., 2010), (3) deposits (see Gonzalez, 2007; Nenovsky et al., 2008;Jemric & Vujcic, 2002; Denizer et al.,
2000; Mester, 1997), (4) operating expenses (see Cingi and Tarim, 2000; Denizer et al, 2000; Mukherjee,
2002; Guti“errez-Nieto et al., 2009), (5) fixed assets (seeNenovsky et al. 2008; Jemric and Vujcic, 2002),
and (6) total equity (see Gonzalez, 2007 and Mukherjee and Pal, 2002).

The output variable used is loans (see Nenovsky et al., 2008; Abidin & Cabanda, 2007; Gonzalez, 2007;
Jemric & Vujcic, 2002; Cingi & Tarim, 2000; Denizer et al., 2000; Jackson & Fethi, 2000; Jackson et al.,
1998; Mester, 1997; Zaim, 1995).

Table 1 Description of Input and Output Variables in the Study

Variable Variable Name Description

Symbol

Output Total loans Type of debt which entails the redistribution of the financial assets
over time between the lender and the borrower.

Input 1 Number of branches Total locations or outlets of a bank

Input 2 Number of personnel Total employees of the bank

Input 3 Total deposits Liability owed by the bank to its depositors.

Input 4 Operating expenses Costs of administering the bank operations

Input 5 Fixed assets Include bank premises, furniture and equipment owned by the bank

Input 6 Total equity The residual right or interest of the bank in the total assets

RESULTS AND DISCUSSION

We calculated the technical efficiency and the relative financial performance of rural banks and thrift
banks using two approaches, the asset approach and the intermediation approach with loans as the output
variable.

DEA performance

Table 2: Average Technical Efficiency Scores of Banks under the Asset Approach and Intermediation
Approach (20032007) (%)

DMU Type of Bank Asset Intermediation
1 Rural 80.29 44.96
2 Thrift 100.00 100.00
3 Rural 82.94 84.88
4 Rural 62.38 60.97
5 Rural 100.00 91.09
6 Thrift 59.59 66.64
7 Thrift 31.57 44.48
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8 Thrift 49.41 54.19

9 Thrift 82.40 60.64
10 Rural 81.70 87.04
11 Rural 79.17 72.47
12 Rural 68.11 57.79
13 Thrift 72.04 88.32
14 Thrift 81.17 100.00
15 Rural 100.00 100.00
16 Rural 85.79 73.24
17 Rural 100.00 100.00
18 Rural 34.76 75.00
19 Rural 96.49 71.88
20 Rural 84.73 95.76

Average 81.17 76.55

Majority of the rural banks and thrift banks performed below 100% with an average of 81.17 and 76.55%
under asset approach and intermediation approach, respectively. It shows that the inputs used are not
utilized at maximum capacity. In the study conducted by Isik and Hassan (2002), the heterogeneous
characteristics of banks have significant impacts on the technical efficiency. Mlima and Hjalmarson
(2002) conducted a study on the sensitivity of efficiency scores based on the choice of input and output
variables. The results suggest that efficiency scores are very sensitive to the choice of input and output
variables.

COMPARATIVE FINANCIAL PERFORMANCE

Table3: Comparison Between Rural and Thrift Banks with Microfinance Operations in Terms of their
Financial PerformanceMeasures

Median Mann-  Significant(2- Remarks
. Whitney tailed)
Rural Thrift U
Efficiency 18.20 14.73 668.5 .001** Thrift banks perform better than rural banks.
Sustainability 247 395 10055 205 E;r:ﬁls banks perform equivalently as in thrift
Outreach 14.36 11.35 1098.0 874 E;r:ﬁls banks perform equivalently as in thrift
ROE 12.21 4.84 638.5 .000** Rural banks perform better than thrift banks.
ROA 1.96 163 9025 090 E;r:ils banks perform equivalently as in thrift
NIM 11.08 6.72 524.5 .000** Rural banks perform better than thrift banks.

** Significant at the 0.01 level.

In terms of efficiency, thrift banks performed significantly higher than rural banks, although both showed
favorable results which is above the standard of 10%. This shows that rural banks are more efficient in
utilizing their own resources (owners’ equity) in generating income from loan services as well as the level
of collectibility of loans. However, findings show that in terms of profitability, rural banks are more
profitable than thrift banks, and this is evidenced by its ROE and NIM. Increasing client outreach
provides economies of scale that in turn makes the banks more efficient and therefore more sustainable, at
least in immediate financial terms. Reaching clients in remote areas is relatively expensive, which makes
the banks less efficient and therefore less sustainable. The results of this study show that the outreach
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performance of these banks progresses; however, they are deficient in the level of sustainability.
Nonetheless, the favorable trend in the outreach will, hopefully, result to a better sustainability level in the
future.

Table 4: Comparison in Technical Efficiencyof Rural Banks and thrift Banks Using Asset and
Intermediation

Banking Mann- Asymp. Exact Sig. Remarks
approach Whitney U Sig

Rural banks have higher technical efficiency
Asset 771 0.008** 0.007** than thrift banks

Rural banks and thrift banks have equivalent
intermediation 972 0.23NS 0.232NS efficiency

** significant @ 0.01 level;*significant @ 0.05 level; NS not significant @ 0.05 level

When rural banks and thrift banks are compared, the results of the Mann-Whitney U test revealed that the
technical efficiency performance of rural banks using the asset approach is significantly better than that of
thrift banks. This is an indication that borrowers would normally avail of loanable funds from rural banks
because they could easily be found anywhere even in the remote areas unlike in the case of thrift banks
where they could not be located in areas where rural banks are. Using the intermediation, however,
findings revealed that their performance is at par with each other. Berger and Humphrey (1997)
suggested that one could assess efficiency under a variety of output/input specifications to see the way in
which calculated efficiency change as the specification changes.

Table 5: Correlation Matrix between the Financial Performance Indicators and TechnicaEfficiency Scores
in Rural and Thrift Banks

Spearman’s rho Asset Intermediation

N=100 N=100

Efficiency Correlation Coefficient -.008 -.249(*)
Sig. (2-tailed) .935 .012
Sustainability Correlation Coefficient -426(**) -.108
Sig. (2-tailed) .000 .289
Outreach Correlation Coefficient .097 .186
Sig. (2-tailed) .339 .066
ROE Correlation Coefficient -.047 -.069
Sig. (2-tailed) .641 494
ROA Correlation Coefficient -.074 -.081
Sig. (2-tailed) 467 421
NIM Correlation Coefficient .088 -117
Sig. (2-tailed) .382 .246

*Correlation is significant at the 0.05 level (2-tailed).

**Correlation is significant at the 0.01 level (2-tailed).
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As shown in Table 5, results revealed a significant and negative correlation (-0.249) in efficiency under
the intermediation approach. On the other hand, sustainability is negatively correlated to the technical
efficiency at -0.426 under the asset approach, which is an indication that when productive performance is
high, the level of sustainability decreases because the income level derived from loans is not sufficient to
cover the annual depreciation rate of the peso.

Based on these findings, rural banks and thrift banks generally have equivalent technical efficiency. These
findings are not consistent with the findings of Wheelock and Wilson (2007), where larger banks
performed better than the smaller banks. According to the study of Jemric and Vujcic (2002), their
findings revealed that the smaller banks are more efficient than bigger banks. However, Sathye (2002)
also revealed that there was no association found between the size and the technical efficiency score of
the banks. As to the ownership status, Yildrin (2002) revealed that there were significant differences in
the efficiency performance of banks with different ownership status, which does not hold true in this
study.

In the study conducted by Schreiner and Woller (2006), the depth of outreach is inversely associated with
financial self-sufficiency, and therefore, they are found to be complementary. Too much operating
expenses resulted in the low efficiency performance of the banks. Lovell (2003) in their findings also
revealed that the expense indicators were found to be influential in the efficiency performance of the
banks. Barr et al.(2002) also revealed that there is a strong and consistent relationship between efficiency
and independent measures of performance and that the level of non-performing loans is significant and
negatively related to efficiency. The same results had been observed in this study, and therefore, agree
with the previous studies of Lovell (2003) and Barr et al. (2002).

CONCLUSIONS

This study aimed to examine the financial performance and technical efficiency of rural banks and thrift
banks with microfinance operations in the Philippines. It analyzed two banking approaches, namely: asset
and intermediation. A combination of three inputs and one output was used in the asset approach, while
the intermediation approach used four inputs and one output.

The Mann-Whitney test revealed that rural banks performed significantly better than thrift banks in ROE
and NIM. Thrift banks, however, performed significantly better than thrift banks in efficiency. As to
sustainability, outreach and ROA, there seemed to be no significant statistical difference at all.

The asset approach resulted to a higher average efficiency of 81.17% (with fixed assets, total equity and
deposits as inputs) than the intermediation approach. The intermediation approach using four inputs
(number of branches, number of personnel, deposits and operating expenses) resulted to an average of
76.55% technical efficiency. The average technical efficiency of 81.17% suggests that about 19% of the
resources is not utilized using the asset approach. The intermediation approach shows about 23%
unproductive inputs, which is a little higher than the asset approach.

Our study revealed a significant correlation between the technical efficiency using the asset approach and
the financial performance of banks in terms of sustainability. The same is true with intermediation
approach in which the technical efficiency is significantly correlated with efficiency.
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ABSTRACT

This paper presents a Fuzzy Data Envelopment Analysis (FDEA) model combined with Bootstrapping to assess
performance of one of the Data mining Algorithms. We used astepoprocess for performance productivity
analysis of Insurance Branches in Iran. First, using a Fuzzy Data Envelopment Analysis (FDEA) model, the study
analyzes the productivity of eighteen Decision making units (DMUs). Using a Malmquist Index, FDEA determines
the productivity scores but canngive details of factors depend on Regress and Progress ProduchTgA

model uses a new Latent Variable radial inpuiented technology and simultaneously reduces inputs and
undesirable outputs in a single multiple objective linear progr&n. the othe hand, the classification and
regression tree (C&R) efficiency model was then utilized to extract rules for exploring and discovering meaningful
and hidden information from the vast data ba3é®e conclusion of the combined model is a set of rules #mabe

used by policy makers to explore reasons behind the progress and regress productivities of DMUs.

Keywords Fuzzy Data envelopment Analysis, Classification and Regression, Bootstrapping, productivity,
Malmquist Index

INTRODUCTION

Using multiple inputs and outputs, Evaluation of efficiency and productivity of decision-making units
(DMUs) such as banks, insurance companies, universities etc. is wrapped. There are some researches
showing the importance of process in assessing the performance of a firm. Charnes et al. 1978
recommend a non-parametric approach for measuring the technical efficiency of a set of comparable
DMUs

DEA uses inputs/outputs variables to create an efficient boundary from a series of considered DMUs. A
fuzzy set [Zadeh,1965] is usually identified by its characteristic function or membership function.
(FDEA) model can be used to develop crisp data envelopment analysis models where uncertainty in
classification problems is learned in the form of fuzzy membership function. The efficiency of each DMU
is computed by measuring the distance of the DMU from the efficient frontier. Similarly Malmquist
productivity Index has been used to evaluate technology change and its effect on inputs and outputs. It is
defined as the maximum factor by which inputs in one period could be reduced to produce the same
output in a second period.

On the other hand, data mining techniques extracting patterns from large databases have become
prevalent. DT is a method usually used to find out meaningful communication and rules by systematically
breaking down and subdividing the information in the data. A classification and regression tree (C&R)
algorithm innovated by Breiman et al.(1984) is a hierarchical sequence of decision nodes. Each node in a
tree strikes one decision at a time until a final node is achieved. Various variables are utilized and a
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special variable enters the computation only when it is required at a special decision node, and only one
variable is utilized at each decision node.

Sohn & Moon (2004) proposed an approach that can be effectively used for foreshadowing the scale of
new technology commercialization projects using the Decision Tree (DT) of data envelopment analysis
(DEA) results. Similarly, Seol (2007) proposed and approach that enables firm' s manager to find
inefficient service units in a firm-level and inefficient process in a service unit-level by using an
integrated form of DEA and DT. Using A Combination of (DT) and CCR DEA models, Emrouznejad
(2010) evaluated the performance of Arabic banks and finally, Samoilenko (2013) tested a DEA-centric
Decision Support System (DSS) in order to propose how to assess and manage the relative performances.
Some researchers have proposed various fuzzy methods for dealing with the impreciseness and ambiguity
in DEA. Fuzzy set algebra developed by Zadeh (1965) is the formal body of theory that allows the
treatment of imprecise estimates in uncertain environments. Moheb-Alizadeh et al. (2011) defined the
approach of efficiency by DEA into location—allocation models in a fuzzy environment and they showed
how this combination can influence the pattern of facility location and the assignment of demands. Due to
two main shortcomings, called low discrimination power and unrealistic weight distribution associated
with classic form of DEA, a multi-criteria DEA is applied. Fuzzy classification using the data
envelopment analysis, pendharkar (2012) developed a fuzzy classification system using data envelopment
analysis(DEA) and illustrated application using a simple graduate admission decision-making problem.

In our study, we used FDEA and decision tree (DT) as our main methodologies. Indeed, we propose a
two-stage performance evaluation applying FDEA, a non-parametric method by fuzzy model by fuzzy
inputs and outputs and crisp efficiency for efficiency evaluation, and a C&R tree, a non-parametric data
mining method for classification and regression. In doing so, we use this methodology to evaluate the
performance of 18 insurance Branches of Iran insurance cooperation. Productivity scores provide
valuable data for the performance assessment of insurance branches while the C&R tree determines
further facts that have not been recognized in prior studies.

The proposeduzzymodel, norparametric method of undesirable outputs with weak disposable inputs
technology

Since the technology included the undesirable outputs, Bretholt & Pan (2013) introduced a new model
Latent Variable(LV) radial input-oriented technology that is closely associated with a Koopmans Efficient
Slacks Based Model. The Latent Variable technology simultaneously reduces inputs and undesirable
outputs in a single Multiple Objective Linear Program.

could be built on the following principles:
Using p inputs (X, P=12,.., P)and producing Q desirable outputs(yqj,q:L 2,..,Q and R undesirable
outputs (z;,r=1,2,...,R), assume that there are J branches of an insurance corporation.

Latent Variable technology uses a Radial Input Model in association with weak disposability applied to
aggregate inputs. The weak disposability of inputs aggregate inputs, X are reduced by the direct input

reduction objective, a as follows:
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In this article, a new model for evaluating the efficiency of outputs as inputs is proposed. Considering a
shrinkage factor for the undesirable outputs, the dispersion between periods is studied using the
Malmgquist Productivity Index (MPI). After determination of the DMUs efficiencies, their productivities
will be specified for the periods of 2008-2009 and 2009-2010 based on the following formulae.

The MPI is used to assess technology changes and change effect on the inputs and outputs

The largest factor MPI is defined by the inputs that can be reduced in one period and determine the same
output’s production in a second period. Suppose the production technology in the K period when the main
reduction coefficient is as follows and the target values are in the L period.

/ik(XJ'L’YiL’ UJL) (3)
In general, the introduction of the DEA hidden variable technology is a first step towards the analysis of
undesirable outputs and the consideration of external effects on the company and the society. Using the
dense hidden variable reduction model, this model theoretically presents the production of simultaneous
reduction of undesirable outputs and inputs through causal relationships. Equation (4) shows DMUs
productivity results; accordingly, MPI >1 indicates progress, MPI =1 shows no change, and MPI <1 is
indicative of regress during the period.

METHODS
Combining FDEA with C&R tree

The proposed C&R tree in this study includes four main components:
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The first component, is the output (dependent) variable. Based on the independent (predictive) variables,
this variable is used to predict.

In this study, the output variable is the obtained productivity scores that have been divided into three
groups of progressive productivity (target>1), regressive productivity (target<l), and without change
productivity (target=1).

The second component is the independent (predictive) variables. The number of independent variables is
related to the purpose of investigation.

In this case, the independent variables are external and internal factors (Table 1).

The third component is the set of training data, which includes both output and independent variables
values coming from a group of FDMUs we want to predict.

The fourth component is the test or the set of additional data coming from specific DMUs that require
more precise prediction. This test data set may not exist in practice. It is normally believed that a test data
set is required to enforce the decision laws; however, it is not always necessary to determine the
efficiency of the decision rules.

Using DEA/C&R, the evaluation process of efficiency and productivity of insurance branches is
presented in Figure(1). As shown in figure, first FDEA is applied to measure the efficiency and
productivity of each branch with three inputs (administrative costs, insurance costs, and the number of
branches) and three outputs (revenue from insurance premiums, the loan payments, the compensation
payments). According to these results, the branches will be divided into three groups of efficient,
inefficient, and without change branches.

In the next stage, insurance-related environmental factors such as age of the insurance branches, their
ratings, and the number of issued insurance policies are considered as inputs to the C&R tree analysis

while productivity scores, obtained in the first phase, are regarded as the outputs (Tablel). Clearly this is
a general framework applicable in conducting all types of analyses in every organization including
insurance companies and banks.

If this method is used for other purposes, both input and output variables in the first stage (FDEA) can be
appropriately adjusted for the evaluation model. Therefore, the inputs to the second stage are supposed to
be chosen according to the expectations of insurance experts and policy makers. The end results are
usually a set of rules related to both input factors and FDEA productivity scores.

Table 1: Input factors in the C&R tree

V ARIABLE V ARIABLE TYPE MIN M AX MEAN Std
Age of the insurance branches NUMERICAL 1386 1324 1372 12.93

LEVEL OF THE BRANCH" CATEGORICAL 1 3

GEOGRAPHICAL BRANCH® CATEGORICAL 1 5

NO. OF STAFF NUMERICAL 10 159 48.6 39.06

QUALIFICATIONS OF STAFF® CATEGORICAL 1 5

NO. OF LOAN NUMERICAL 2 1007 354.9 325.1

NO. OF INSURANCE POLICIES NUMERICAL 12 6894 1251 1780.5
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NO. OF CLAIM PAID NUMERICAL 6 779 263.4 247.7
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*number of insurance policies

1

[ Step 2 : Extraction Rules of C&R tree

Figure 1: FDEA/C& R methodology for assessing Iran Insurance

DEA/C&R BOOTSTRAPPING FOR EVALUATION OF INSURANC E BRANCHES

One of the problems of using DEA/C&R is that in many DEA studies, there are not sufficient data to
generate a decision tree. In view of that, the Bootstrapping technique has been proposed to increase the
number of DMUs before generation of a decision tree (Emrouznejad & Anouze, 2010). This method
consists of three steps. First, the values of efficiency and productivity of each branch are calculated. Then,
according to the obtained efficiency and productivity values, branches will be grouped into three classes
of progressive productivity(target >1 MPI>1), regressive productivity (target<1, MPI<1), and without
change productivity (target=1, MPI=1).
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Producing an accurate C&R tree requires a large database. In case of the present study, only 18 insurance
branches have been investigated; thus, by 100 times application of re-sampling bootstrapping technique
(described by Efron and Tibshirani, 1993), the database is enlarged sufficiently.

Consequently, in the second step, 18 units (with replacement) are randomly chosen and the resampling
bootstrapping technique is applied for 100 times to obtain 1800 units. After 100 times re-sampling, the
data base is divided into training and testing groups with ratio of 7 to 3 (Zhou & Jiang, 2003).

In the third step, based on classified efficiency scores (<1 =1 1 >) as target variables and other
uncontrollable variables (branches’ rating, location, number of employees, etc.) as inputs to the C&R tree,
the logical decisions are extracted.

EXPERIMENTAL RESULTS
FDEA (first stage)

In efficiency and productivity literature, the key factors to identify input and output variables of each
insurance branch are its financial balance sheet and amounts of income, profits, and losses.

Indices used in this thesis were collected over a long period of time, with reference to every branch, and
based on the managers’ point of views (Table2). Then using the Latent Variable Model (LVM), efficiency
and productivity of the insurance branches in the years 2008-2010were measured.

During the review process of productivity in the years 2008-2009, five branches displayed progression

and 13 branches showed regressive trends. Similarly, in the years 2009-2010,8 branches were productive

and 10 branches were not. On average, 36.2%of the branches were productive and 66.2% were not.
However, due to the high dispersion, all values of the input data were normalized before entering the tree
for not reducing the prediction accuracy.

Table 2: Input/output variables in DEA

Variable($ ) Min Max Mean Std
Inputs

Administrative costs 11.94 1817808 179091 325464
Insurance cost 23.8 8861261 714697055 1480265
No. of branches 2 271 92.129 54.28
Outputs desirable

Revenue from insurance premiums 1085.3 12356881 1539634 2136065
Loan payments 6519.033 6168493.033 1941592.7 1775229.3
Output undesirable

Compensation payment 2756.8 6800070.1 1163839.4 1216054.7

Bootstrapping (second stage)

As mentioned before, 18 units (with replacement) were randomly chosen and the resampling

bootstrapping technique was applied for 100 times to obtain 1800 units. This process led to a greater
accuracy in the prediction of the C&R tree.

C&R analysis (third stage)
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According to the FDEA, the insurance branches were divided into three groups of progressive
productivity (1<MI), regressive productivity (1>Ml), and without change productivity (1=MI). These
groups are used as the target variable in the C&R tree.

Table(3)shows efficiency and productivity scores of the insurance branches in the C&R tree.

Discussion and conclusion

For all attributes, impurity levels before and after the pruning are measured and the feature that further
reduced the impurities is selected. The purity index is based on the least amount of impurities in each
node. In consequence, multiple regression decision trees are plotted for each period.

Regression tree analysis in thears 20092010

Table (4) shows the predictive accuracy of the generated tree.

As stated by the prediction, in the years 2009-2010, out of the whole 1800 cases 997 cases had MPI<1

and 803 cases had MPI>1. Out of 1246 training data, 1246 cases were predicted correctly with the
accuracy of 100%.

The overall accuracy of the prediction C&R tree was 100% indicating a high level of confidence.

In Figure(3), the generated C&R tree with 579 cases of progressive productivity, 667 cases of
regressive productivity, and 8 nodes is presented.

In Figure(2), it can be observed that the number of paid losses in the year 2010 is the most important
factor (67%)The age of the branches was the second important factor (30%) and the other variables (the
number of employees with MA or PhD degrees, branch’s rating, and the number of issued policies in the

year 2010 ) were of equal importance (6%)

Variable Importance
Targets: MI2

Figure 2: Importance of predictor variables(20092010)

Table 3 : Productivity scores LVM model by Malmquist Index(20092010)

DMUs L M U MIP
DMU1 1.79823 5.88022 8.90126 0.2675
DMU2 0.63973 2.09193 3.16668 0.3715
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DMU3 0.6656 2.17651 3.29472 0.272
DMU4 0.5919 1.93551 2.92991 0.4712
DMU5 0.69093 2.25935 3.42012 0.2427
DMUG6 0.7246 2.36944 3.58677 1.6227
DMU7 0.49887 1.63129 2.46939 0.2523
DMUS8 0.4569 1.49406 2.26166 1.7953
DMU9 0.41523 1.35781 2.05541 0.5097
DMU10 0.6523 2.13302 3.22889 0.4258
DMU11 0.5745 1.87862 2.84378 0.2666
DMU12 0.79193 2.58962 3.92007 1.7225
DMU13 0.6422 2.09999 3.17889 1.4417
DMU14 0.95333 3.1174 4,719 1.6023
DMU15 0.66047 2.15973 3.26931 0.4574
DMU16 4.15117 13.574320 20.5483 8.0377
DMU17 2.5359 8.29239 12.5527 6.3628
DMU18 2.53837 8.30046 12.5649 1.1935
Table 4 : Predicted accuracy of the tree
E-Results for output field M2
E-Cormparing $R-MI2 with M2
- [Patition’ 1_Training 2_Testing
i | Correct 1,246  100% 554  100%
T wrong 0 0% 0 0%
Total 1,246 554
e Extracting rules for insurance branches with progresg
— productivity 679cases)
i Rulel: if the number of pgid losses is sma!ler than or equal to
Lt e g 0.316 and the branch establishment year  is between the years
—T 1993and 2001,the branch has progressive productivity (528
- T cases).
ﬁ_a_;% ﬁ_z_;_xT Rule2 : if the number of paid losses is smaller than or equal
ﬁ%ﬁl o t00.316 , the branch establishment year is after the year 2001,
N and the number of paid loans is less than or equal to 0.034 , the
i - branch has progressive productivity (51 cases).
shoe mm o |2pge nm n Extracting rules for insurance branches with regresg
e F productivityG67cases)
. y—‘—| Rule3: if the number of paid losses in the year 2010 is smaller
= = than or equal to 0.316and the branch establishment year is

SFwpen  0om 0
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Campy % n
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Figure 3 : C&R tree for Iran Insurance ‘

before the year1993, the branch has regressive productivity (
138 cases).

Rule 4 : if the number of paid losses in the year 2010 is smaller
than or equal to 0.316 , the branch establishment year is after the
year1993, and the number of paid loans is more than 0.034
the branch has regressive productivity ( 74 cases).

Ruleb: if the number of paid losses is bigger than 0.316, the
branch has regressive productivity ( 455 cases).

Final evaluation
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This thesis tries to introduce a combination of FDEA and C&R tree. In this study, 18 insurance branches
in Tehran are examined.

In general, the efficiency and productivity scores can be obtained using FDEA and MPI. However, these
methods cannot explain the related factors to inefficiency and unproductivity, especially in case of
variables that are not numerical.

Considering factors associated with efficiency and productivity, C&R tree can present a better
understanding of the FDEA results.

Despite the proposed method in the present study is examined in the insurance industry, it potentially has
much broader applications.

Regarding DMUs’ efficiency and productivity evaluation, the proposed DEA/C&R method can be
applied as a framework for further research.

The results of this combined method are a set of rules, which can be applied by policy makers to explore
the reasons behind DMUs’ efficiency and inefficiency.

Creating a good and reliable C&R tree usually requires a large database and many observations; but in
most of the reported DEAs, the number of DMUs is not large enough to generate a proper C&R tree. In
order to solve this problem, the Bootstrapping method was proposed in this study. Nonetheless, further
investigations seem quite necessary for an appropriate application of this method.

CONCLUSIONS

Fuzzy Data Envelopment Analysis (FDEA) is a management tool for efficiency and productivity
assessment. This paper presented a framework for relating FDEA to classification and regression analysis.
While the FDEA provides valuable and acceptable results, the C&R analysis reveals additional facts that
were unclear in previous studies.

Unlike previous studies in the fields of FDEA and insurance industry that just tried to identify the
impacts of different factors on the efficiency with the same impact level, the proposed C&R tree is based
on the analysis of impact levels of different factors related to efficiency and productivity of insurance
branches.

Exploring the variables’ importance and influence on variables’ dependence with the least amount of
impurities to reach the target node (through the Clementine software), can lead to an in-depth analysis
with the lowest amount of error by combining environmental factors with efficiency and productivity
scores (obtained from the FDEA).

In previous studies, only the key parameters in the efficiency or inefficiency of the insurance branches
have been evaluated and no environmental factor related to progressive/regressive productivity has been
addressed yet. For example, the number of losses, paid loans, and age of the branches are not considered
as important factors in the efficiency/inefficiency issue; however, according to the extracted rules,
they are influential variables in the efficiency/inefficiency evaluation of the insurance branches with
different impact levels. Furthermore, using numerical and categorical variables with different degrees of
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importance, rules were extracted for each specific DMU and used to identify productivity or
unproductivity of the selected insurance branches.

Unlike previous studies on FDEA applications, which focused only on the numerical calculations of
efficiency and productivity, this paper studied factors related to efficiency and productivity of insurance
branches, using C&R tree. In addition, possible rules were extracted for every DMU, using both
numerical and categorical variables by fuzzy value. Obviously these rules are very useful for policy
makers and can improve their decision-making processes.

FUTURE STUDIES

There are a number of additional issues of practical importance to those who study C&R trees
(independent factors for the insurance sectors, application of various rules and accurate measurement, and
improvement of the Bootstrapping method). Despite these issues have not been addressed in the current
investigation, their inclusion in other studies can broaden the field for the development of future studies.

In future research, databases with larger sample size can be chosen to avoid using the Bootstrapping
method. It must be noted that the use of simulation in this paper was one of the limitations.

Fuzzy decision tree can be used instead of crisp decision tree because it offers beneficial results in case of
insurance industry’s qualitative data. It is also possible to set the DEA efficiency and productivity results
as output variables. Moreover, depending on the type of data and the importance of input variables, other
trees such as, and can be used.
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ABSTRACT

Data Envelopment Analysis (DEA) has been applied in many efficiency and benchmarking studies in the
transportaton sector. Conventional DEA models consider the system as a-phogkess black box. There are
however a number of smlled Network DEA approaches that consider the system as composed bgt disti
processeseach one with its own inputs and outputs aiitth imtermediate flows among the stages. In this research,

the existing Network DEA applications to transportation are reviewed and categorized. The strength of Network
DEA approach is that it has more discriminating power than the sipgleess DEA appiach and that the targets

and efficiency scores computed are thus more valid. This is because network DEA allows for a rgoainéde
analysis that leads to a more realistic estimation of the overall system production possibility set than the one
assumedby conventional DEA. Compared with Network DE¥ conventionaDEA represents an aggregated
analysis that merges all the system processes with their inputs and outputs and ignores the internal flows. Network
DEA also has drawbacks such as the need foerdetaileddataand the greater complexity of the resulting models,
specially if there are inputs or outputs thaeahared among the processes

Keywords Transportation, Efficiency, Network DEA, NDEA

INTRODUCTION

Data Envelopment Analysis (DEA) is a non-parametric mathematical tool for assessing the relative
efficiency of homogeneous Decision Making Units (DMU). DEA has been applied in many sectors (e.g.
education, health care, finance, utilities). In particular, there are many applications of DEA in
transportation. Thus, DEA has been applied to ports, railways, airlines, urban transit, airports, etc.

Most DEA studies consider the units under assessment as if they were a single process and assume that
this aggregate process consumes all the different inputs and produces all the different outputs (some of
them perhaps undesirable). No modeling of the inner structure of the system is performed. No sub-
processes or stages are considered and intermediate products produced and consumed within the system
are not recognized. This black box approach is the most common one in DEA.

There are, however, DEA studies that consider the system as the composition of several stages or
processes that can have a series structure or that are executed in parallel or that have a more general
interrelationships pattern. The common feature of all these approaches is that they adopt a more fine-
grained perspective so that considers that each process has its own inputs and its own outputs and there
may be intermediate flows among the processes. Although DEA studies of this type have existed for some
time, in the last few years the topic has received more attention from researchers and the number of
papers that deal with both theoretical issues and applications have increased significantly. There exist
applications of Network DEA to banks, electric utilities, manufacturing, hotels, sports, supply chains,
telecommunication companies, etc. But what will be of interest for us in this paper are Network DEA
applications to transportation.
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The structure of this paper is the following. In section 2, a brief introduction to Network DEA is
presented. In section 3 a thorough analysis of the different applications of Network DEA is carried out.
Finally, in section 4, conclusions are drawn.

NETWORK DEA

In this section we will use the notation in Lozano and Moreno (in press). Thus, let us consider a set of
DMUs that are structurally homogeneous, i.e. all of them have the same number and type of processes.
Each process may consume a different subset of inputs and may produce a different subset of outputs. Let

I(p) be the set of exogenous inputs consumed by process p and, for each il I(p), let xﬁ denote the

observed amount of exogenous input i used by process p of DMU j. Similarly, let O(p) the set of outputs

produced by process p and, for each ki O(p), let ij denote the amount of output k produced by process

p of DMU j. Let Py(i) be the set of processes that consume the input i and x;; = a xﬁ the total
pl Py (i)
amount of input i consumed by DMU j. Let Py (k) be the set of processes that produce the output k and

Yig = a yﬁj the total amount of output k produced by DMU j.
pl Po (k)

As for the intermediate products, let P?Ut(r) be the set of processes that produce the intermediate product

r and, for each pi P°Ut(r), let zfj the amount of intermediate product r produced by process p of DMU

j- Analogously, let Pi”(r) be the set of processes that consume the intermediate product r and, for each
pi Pi”(r), let zf’j the amount of intermediate product r used by process p of DMU j. Finally, let us
define the sets R°“(p) and Ri”(p) that correspond to the intermediate products produced and
consumed, respectively, by process p.

The variables needed for the radial, input-oriented VRS model are

q Uniform reduction factor of the inputs consumption of DMU J

I ‘J) Intensity variable of process p of DMU j

Radial, inputoriented DEA model

E; =Min q 1)
s.t.

a aixj¢aaxy i )
pl Py(i) pIP (i)
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Sometimes the exact amount of an input consumed by each process is not known. Only the total amount
X;j is available. That leads to the so-called shared input models in which input allocation variables

oc¢ zﬁ T are introduced so that the input consumption of each process can be expressed as

xﬂ = zﬁ x{j') j b. If we denote as I° the subset of shared inputs then the above model may be modified

so that constraints (2) apply for iT IS while for if IS these other are used

& aP Al ogoi @)

pl P(i) ]
The model becomes non-linear due to these constraints and, in addition, to prevent extreme solutions,
lower and upper bounds (L; and U;, respectively) on the input allocation variables af are generally

imposed

Lic & o (6)

NETWORK DEA APPROACHES TO TRANSPORTATION

In this section, and in summary form, 19 recent applications of Network DEA to transportation are
presented and categorized. Thus, Table 1 lists the main characteristics of these applications while Table 2
shows their distribution along different dimensions. It can be seen that the field is expanding rapidly, with
many studies having been carried out in the last few years. The applications span all areas of the
transportation sectors, including airports, buses, railways, airlines and maritime transport. The size of the
networks of processes considered is small, with most studies considering just two stages in series. Some
applications use shared inputs. Different types of orientations and efficiency metrics have been used.
Environmental factors are often considered. Some applications also include undesirable outputs in the
analysis.

Table 1: Main features of existing Network DEA applications to transportation
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Yu (2010) airports 3 other 1 0 4 3 0 CRS mixed SBM 15
Adler et al. . . .
(2013) airports 3 other 4 0 2 VRS various radial 43
Lozano et al. . - directional
(2013) airports 2 series 0 0 5 1 2 2 VRS output distance 39
Wanke . - . .
(2013) airports 2 series 6 0 0 1 2 0 CRS input radial 63
Yu (azrg)dl((;,)hen air routes 2 series 2 1 0 2 2 0 CRS mixed hyper-bolic 15
Yu (2012) air routes 2 series 3 0 0 2 2 0 CRS mixed ERM 15
Yu(;ggg;an bus companies 2 parallel 8 1 2 0 2 1 CRS mixed semi-radial 24
Yu (2008a) bus companies 2  parallel 9 1 2 0 2 0 VRS input semi-radial 24
Yu(;ggglian bus companies 3 other 9 2 3 2 2 0 CRS mixed semi-radial 23
Hazggle;)al. bus companies 2 series 3 0 2 2 3 0 VRS input radial 58
Sh(eztgoe;)al. bus routes 2 series 5 0 1 3 1 4 VRS output radial 60
Yu (2008Db) railways 2 series 3 1 2 2 2 0 CRS mixed semi-radial 40
Yu(;g&l)_m railways 3 other 2 2 2 2 2 0 CRS mixed semi-radial 20
Li (2012) railways 2 series 5 0 0 11 9 0 CRS output radial 30
Zhu (2011) airlines 2 series 5 0 0 3 3 0 CRS input radial 21
Luetal. - . .
(2012) airlines 2 series 6 0 0 2 2 0 VRS input WAED 30
Bichou container . . N
(2011) terminals 2 series 6 0 0 1 3 0 VRS input semi-radial 70
Zhaoetal. wafficmanag. 5 gy 5 g g 2 2 1 VRS various radia-SBM 28
(2011) scenarios
Lozano et al. shipping lines 2 series 3 0 0 1 1 0 VRS mixed SBM 15
(2012)
Table 2: Distribution of NDEA applications to transportation along different dimensions
Year of publication # papers # processes # papers Technology # papers
2006 1 2 14 CRS 10
2007 1 3 5 VRS 9
2008 3
2009 1 Topology # papers Orientation # papers
2010 2 Series 12 Input 5
2011 3 Parallel 2 Output 3
2012 4 Other 5 Mixed 9
2013 4 Various 2
Shared inputs # papers
Avrea of application # papers Yes 6
airports 4 No 13
air routes 2
bus companies 4 Undesir. outputs # papers Metric # papers
bus routes 1 Yes 4 Radial 7
railways 3 No 15 Semi-radial 6
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airlines 2 SBM/ERM 4
container terminals 1 Environmental var.  # papers Direct. Distance 1
shipping lines 1 Yes 9 Hyperbolic 1
traffic manag. scen. 1 No 10 WAED 1

CONCLUSIONS

In this paper, NDEA applications to Transportation have been reviewed and categorized. Network DEA
has advantages from a modelling point of view because it allows a more fine-grained analysis, at the
expense of a higher amount of more detailed data. The models are also more complex, especially in the
case of shared inputs.
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ABSTRACT

One of the many challenges to agriculture is how to manage higher input costs. In Malaysia, as in other countries
farm costs and outputscross farms andvithin a particular yearare highly variable, suggesting that there is scope

for improving efficiency of production. In this paper we focus on technical efficiency associated with rice producing
farms in three granary areas in Malaysia. Technical efficemeas measured using the inpriented DEA
approach where inputs are minimised for a given level of piduction Primary data for a season of rice
production were collected in 2010/ 2011; sample size was 100 farmers for each of three grihabds situated

in the north of Peninsular MalaysidgK ADA in the west andPBLS in North West SelangdResults showed that,

under the constant returns to scgeRS)assumptionKADA showed the lowest average of efficiency at 65.2%; this
implies that, on average, inputs can be reduced by 34.8% while still producing the same amount of output. The other
two granaries can also maintain output while reducing inputs: by approximaiétyi@ both cases. All efficiencies

are greater under the variable return to scale (VRS) assumption, with the differences between CRS and VRS value
for KADA initially suggest a considerable amount of scale inefficiency within this region. The resultse#f a D
without labour indicate that the efficiency values are very sensitive to changes in data assumptions or availability,
particularly in KADA.

Keywords DEA, Inputs, Technical EfficienciRice Production, Malaysia

INTRODUCTION

As we would expect in an industry where agents have little influence over market prices, the main
challenge for agriculture in Malaysia is the management of costs: labour, fertilizer, pesticides, machinery,
equipment maintenance and other costs of agricultural production. There is considerable variation in both
costs and outputs across farms in Malaysia, suggesting that there is scope to improve efficiency of
production: some farms are able to achieve greater output from a given set of resources. Furthermore,
rising input costs - as has been the case in recent years (T.M. Ariff, 2008) - if not accompanied by
improvements in efficiency will affect the competitiveness of Malaysian agriculture, eroding the degree
of self-sufficiency and food security of the country.

In this paper we focus on measuring 'input oriented' technical efficiency associated with rice producing
farms in three granary areas in the Malay Peninsula, as shown in Figure 1.
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An understanding of the average level and distribution of input-orientated efficiency in these granaries is
important; if farms are not efficient, and there is considerable scope to reduce input levels for a given
level of output, policy measures could be targeted towards those farms that are using relatively high levels
of inputs inefficiently. For example, excessive fertiliser use could be addressed through appropriate
knowledge transfer and extension programmes.

PREVIOUS STUDIES OF EFFICIENCY IN RICE PRODUCTION

Dhungana et al. 2004, surveyed 76 irrigated rice farms in Nepal. The study used an input-oriented DEA
approach to assess technical and economic (cost) efficiency. The technical efficiency analysis was based
on a single physical output, rice production per farm and a mixture of physical (e.g. seed) and financial
(e.g. fertilizer, labour, machinery) inputs. Results showed average efficiency levels of 0.76, 0.82 and 0.66
(constant returns to scale, CRS, variable returns to scale, VRS, and cost efficiency respectively); the
implication of the results is that many farms were using the wrong input mix - on CRS assumptions, an
average farm could in principle reduce physical inputs by 24% without affecting rice output. Krasachat
(2003) assessed technical efficiency of 74 rice farms in the northeast provinces in Thailand using data
from 1999, again using input-oriented DEA. Results showed that the average levels of efficiency were
slightly lower than those reported for Nepal, above: 0.71 and 0.74 for CRS and VRS respectively.

Coelli et al. 2002, used a larger sample of 406 rice farms in 21 villages in Bangladesh in 1997. Output
was measured as kilograms of rice harvested and inputs were physical quantities and financial values for
land, family and hired labour, fertiliser, seed and draft animals; a DEA production frontier was
constructed using standard linear programming techniques and applying CRS assumptions. The results
were presented separately for Aman and Boro season because of the substantial differences between wet
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and dry season cultivation methods. The Boro (dry) season results indicated mean technical efficiency of
0.69 whereas the Aman (wet) season showed similar results, but at slightly lower efficiency.

METHODOLOGY

Our dataset is smaller than the Bangladesh study cited above, but larger than Dhungana et al. (2004) and
Krasachat (2003). Primary data for a season of rice production were collected in 2010/2011 with the main
season starting from October 2010 and running until February 2011; sample size was 100 farmers for
each of the three granaries in Figure 1. In the analysis here, we use physical data only: these were
available for rice yield (kg), labour use (number of people working), seeds (kg), pesticides (litres),
fertilisers (kg) and land (hectares).

Technical efficiency was measured using ‘PIM’ software and the input-oriented DEA approach. That is,
we generate a frontier of technically efficient farms that cannot reduce their inputs and remain on the
frontier of rice production. Inefficient farms can theoretically reduce their input levels and move closer to
the frontier of production. Results were generated under VRS and CRS assumptions; VRS implies that an
increase in input use can be associated with a diminishing, constant or increasing rate of rice production at
different points on the frontier. Following Dhunagana et al. 2004, we interpret CRS efficiency as resulting
from a combination of technical and scale efficiency and VRS efficiency as being due to technical
efficiency alone.

RESULTS AND DISCUSSION

Table 1 shows the mean, standard deviation and coefficient of variation (CV) of the inputs, per farm, at
each of the granaries. Differences between KADA and the other regions are partly explained by farm size
(KADA farms are much larger on average) although it is notable that mean fertiliser use is lower in
KADA than in MADA, despite the relatively small average size of the MADA farms. Variability is also
high in KADA, with CVs greater than 2 for fertiliser and pesticides. PBLS farms were more uniform and
showed lower CVs for most inputs, although labour variability, relative to the mean value, is greater than
for MADA. PBLS has no variation in terms of area as due to an artefact of the data collection method - all
survey data in this region relate to 1.2 ha of land.

Table 1. Inputs Summary

Inputs MADA KADA PBLS

Mean Std. dev. CV Mean Std. dev. CV Mean Std. dev. CV

Fertilizer (kg) 849.47 571.64 0.67 396.75 916.66 231 191.23 52.68 0.28
Pesticides (litre)  28.55 20.77 0.73 225.44 593.50 2.63 20.77 10.37 0.28

Labour (man) 1.30 0.61 0.83 256 4.09 1.73 159 1.02 0.39
Seed (kg) 298.90 246.60 047 1271.22 1732.55 1.36 682.55 263.40 0.64
Land (ha) 1.88 1.28 0.68 10.61 14.23 134 - - -

Table 2 shows the DEA results by frequency. Under CRS, very few farmers are under 25% efficient (six
out of 300 farms). Depending on granary, 50-60% of farmers were in the 25-75% range of efficiency. In
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KADA, only 36% farms were more than 75% efficient; however, KADA has 14 farms that are 100%
efficient whereas PBLS and MADA had only nine and five farms respectively in this category

As expected, under the less restrictive VRS assumption, fewer farmers were inefficient with none in the
‘under 25%' category. In contrast to the CRS results, KADA had the most farms with more than 75%
efficiency, with a large number of 100% efficient farms.

Table 2. Technical Efficiency (TE) Rankings

TE Rank MADA KADA PBLS
TECRSinput TEVRS—input TE CRS-input TEVRS—input TECRSinDut TEVRS-inDut

<25% 1 - 4 - 1 -

25 -50% 9 3 29 2 4 1

51 —-75% 41 9 31 3 48 24

> 75% 49 88 36 95 47 75

Table 3 shows the number of farms by efficiency rank (CRS and VRS) and farm scale (PBLS farms are
not shown as farm area does not vary). Farms were categorised as 'small and medium scale' (¢ 5ha) and
'large or commercial scale' (2 5ha). There are only a small number of larger farms in MADA and both
CRS and VRS assumptions generate similar results. In contrast, under CRS assumptions, results for
KADA suggest that larger farms are more efficient, but not under the less restrictive VRS conditions.

Table 3. Efficiency and Farm Size

TE Rank MADA KADA
TECRS—input TEVRS-input TECRSinput TEVRS-input
¢ 5ha 2 5ha ¢ 5ha 2 5ha ¢ 5ha 2 5ha ¢ 5ha 2 5ha

< 25% 1 - - - 3 1 - -

25 —-50% 8 1 2 1 17 12 - 2

51 -75% 40 1 8 1 9 22 - 3

> 75% 47 2 86 2 13 23 42 53
Total 96 4 96 4 42 58 42 58

Table 4 presents overall summary statistics for each of the efficiency measures for KADA, MADA and
PBLS. Within the selected granaries, KADA showed the lowest average of CRS efficiency at 65.2%. This
implies that, on average, inputs can be reduced by 34.8% while still producing the same amount of output.
The other two granaries can also maintain output while reducing inputs: by approximately 27% in both
cases. All efficiencies are greater under VRS; the difference between CRS and VRS values for KADA
initially suggest a considerable amount of scale inefficiency within this region.

Table 4. Technical Efficiency of Rice Productions in MADA, KADA and PBLS

Description MADA KADA PBLS
TECRS—input TEVRS—input TECRSinput TEVRS—input TE CRS-input TEVRS—input
Average 73.38 93.26 65.23 96.96 73.29 89.97
[72.69] [75.47] [64.23] [74.57] [67.81] [76.21]
Minimum 21.04 50.00 15.60 37.26 23.97 50.00
[21.04] [25.12] [15.60] [29.51] [18.55] [46.21]
Maximum 100.00 100.00 100.00 100.00 100.00 100.00
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[100.00] [100.00] [100.00] [100.00] [100.00] [100.00]

Standard 16.15 14.36 23.96 10.82 16.54 15.78

deviation [15.70] [16.21] [23.38] [22.24] [17.33] [17.59]

Median 74.70 100.00 66.15 100.00 72.69 100.00
[74.46] [77.14] [65.87] [77.61] [66.10] [71.78]

[ 1 Technical Efficiency without the labour

Survey data for labour are very uniform: many of the farms have only one unit of labour recorded and
thus there is very little variation for this input. The analysis was re-run without labour; results showed a
slight reduction in the CRS values but an 18-30% reduction in VRS efficiency. This indicates that the
efficiency values are very sensitive to changes in data assumptions or availability. In particular, for
KADA, what appears to be scale inefficiency (high VRS relative to CRS values) may be due to
inadequate labour data - possibly a result of underestimating the amount of family labour used on larger
farms in KADA. As for smaller farms, hired labour was not fully captured because some farms hired
labour on an hourly basis and this was not recorded. This will also underestimate the amount of labour,
not only at KADA, but also in other regions.

CONCLUSIONS

Farms in the three regions vary considerably in their characteristics: MADA farms are relatively small,
high fertiliser use farms; KADA farms are larger on average but use less fertilizer. PBLS farms are
relatively uniform in their characteristics particularly land area; however, this may be a function of the
data collection process. As expected, results under VRS assumptions showed higher levels of average
efficiency when compared to those under CRS. Most studies find this to be the case (e.g. Begum et al.,
2009, Bhagavarth, 2009). As noted, one way to interpret CRS efficiency is to think of it as combining
efficiency due to a farmers' use of inputs and efficiency due to the farm's scale of production. Technical
efficiency calculated under VRS assumptions represents efficiency without the scale effect: where farms
are not scale efficient, technical efficiency VRS will be greater than technical efficiency CRS. KADA
farms are least efficient under CRS: on average, in theory, inputs could be reduced by 35% while leaving
output constant. The equivalent value for MADA and PBLS was 26%. The differing values for the two
returns to scale assumptions suggest that there is evidence of scale inefficiency in Malaysian rice
production, particularly in KADA. As the second largest granary area (Figure 1) this is an important
result. However, better understanding of the underlying data, particularly labour data, is needed before
drawing firmer conclusions.
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ABSTRACT

Benchmarking the efficiency of farm enterprises is important for designing policies to promote economic growth in
the farm sector. In this study, we use the omgpartial frontiers to benchmark the technical efficiency of a group

of 256 &rms in Kansas using 2010 farm level data. The advantage of our approach over the conventional data
envelopment analysis (DEA) method is that the partial frontiers are not determined by few extreme observations. We
estimate the expected minimum input fiomctvhich indicates how input efficient a farm is compared with m farms
drawn from the same sample that prodtivesame level of output with less input levels. The emepproach is

also used to discriminate farms that are outliers. We find the avénpgéoriented orderm technical efficiency to
increase as m increasé®m 0.522 for orde to 0.994 for orde300. However, removing outliers does not have a
significant effect on the average scores of conventional technical efficiency. The implafationresults is that
technical efficiency scores should always be treated as relative medsatetepend on the number of decision
making units used for benchmarking and disparities among the decision making units based on size and scale

Keywords Patrtial frontiers; technical efficiency; expected minimum input function; outliers; farm level data

INTRODUCTION

Traditional nonparametric methods for measuring efficiency such as data envelopment analysis (DEA)
and free disposal hull (FDH) have been widely used to benchmark performance of agricultural
enterprises. Those methods have been favored over the parametric techniques, such as stochastic frontier
analysis, because they require no specification of functional form. However, the main drawback of the
nonparametric methods is that they provide point estimates with no confidence range of sensitivity to
sampling variations. The estimated efficiency scores are also sensitive to extreme data and measurement
errors. There have been important theoretical advances to overcome those problems. Simar and Wilson
(1998; 2000; 2008) have introduced bootstrapping in the DEA framework to deal with the problem of
sampling variation. Efficiency estimates generated through the bootstrapping techniques are still sensitive
to extreme values or outliers that may come from reporting errors in survey or from unobserved
heterogeneity in the sample. The common approach used in empirical analysis is to remove the outliers
before estimation and methods have been developed to identify the outliers (Tran et al. 2008; Simar and
Wilson 2002). However, elimination of outliers from the sample may not always be valid especially in the
case where extreme data is due to differences in size and scale of the decision making units (DMUSs). In
same instance, the outliers may contain useful information useful for benchmarking with other DMUs.

Cazals et al. (2002) and Daraio and Simar (2005) have proposed use of robust frontiers as a way of
overcoming some of the drawbacks of nonparametric methods. Rather than eliminate outliers in the
sample, this method keeps all the observations but replace the frontier of the empirical distribution by the
expected minimum or maximum of a sample of the data. A partial frontier is estimated inside the cloud of
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data points, i.e., near its lower or upped boundary, by being sensitive to the magnitude of the extreme
observations but simultaneously resistant to their influence in case they are suspicious (Daouia et al.
2012). Therefore, the estimated efficiency scores are less influenced and more robust to extreme values.

The objective of this study is to apply the robust partial frontiers of order-mto estimate the input-oriented
technical efficiency scores of 256 farms in Kansas using a cross-sectional data for 2010. The parameter m
is a trimming parameter for estimation that defines the level of benchmark one wants to carry out over the
population of DMUs. Our study contributes to previous literature by illustrating the usefulness of the
partial frontiers as compared to the traditional frontier for benchmarking farm performance. Besides being
able to identify outliers, partial frontiers approach also offer the opportunity to engage in robustness
checks for DEA scores through the choice of m.

METHODS

This study used the method proposed by Cazals et al. (2002) and Daraio and Simar (2005) for computing
technical efficiency in the presence of outliers. Here we use partial frontiers of order-m to compute
technical efficiency at different levels of m with application to farm businesses. The detailed procedure to
estimate partial frontiers are well outlined in the two papers.

DATA

Data for this study is sourced from the Kansas Farm Management Association. We have a cross-section
of 256 farm households for the year 2010. The data include two outputs, crop and livestock, and five
inputs: crop inputs, livestock inputs, labor, fuel and others. The output and inputs are measured in values
as either income or expenses. The summary statistics of the data is provided in Table 1.

Table 1: Decsriptive statistics for input and output data

Mean Maximum Minimum S.Deviation
Crop output 443253 2889413 2299 408445
Live output 43338 1162379 0 92267
Labour 1 7 0 1
Crop-input 145314 913858 492 134689
Fuel 32857 291809 2259 31106
Lives-input 13216 766968 0 51261
Other 262114 1348123 19503 189408

RESULTS AND DISCUSSIONS

Figure 1 gives the empirical production frontiers under constant returns to scale (CRST), variable returns
to scale (VRST), non-increasing returns to scale (NIRTS), and free disposal hull (FDH). It can be
observed from this figure that most of the farms are concentrated on the lower end of the frontiers with
only a few farms pushing the frontier above the 150,000 aggregate output-aggregate input levels. This
may suggest presence of outliers.The point estimates of the average technical efficiency scores under
CRTS, VRTS, and NIRTS are 0.736, 0.790, and 0.749. The minimum scores are 0.287, 0.296 and 0.287
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while the maximum score is across the three technolocal specifications. The larger numbers of farms
(DMUs) in our samples prevent us from displaying estimates for individual farms.

2500000

Aggregated Output

1500000

500000
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T T 1
500000 1000000 1500000 2000000 2500000 3000000

Aggregated Input

Figure 1. Best practice frontiers undr different technological specifications

The summary statistics of the estimated order-m technical efficiency are reported in Table 2. The reported
statistics are averages based on 2000 bootstrap iterations. We find that the mean order-m technical
efficiency scores tend to gravitate towards unity as m increases. The maximum values for order-5 and
order-10 is one, suggesting that there are possibilities of no outliers when the average farm is
benchmarked against 5 or 10 other farms drawn from the sample that have an output level above the
average farm but use less inputs than minimum input among the 5 or 10 farms. However, the maximum
value of order-m technical efficiency scores is greater than one for order-20 to order-300, indicating
presence of outliers has m increases. The minimum score scores increases as m increases while the
standard deviation decreases, indicating a reduction in the range and variability of the order-m technical
efficiency scores. In general, the results suggest that the average relative efficiency of the farms will tend
to improve as the performance of each farm is benchmarked against an increasing sample of m farms that
produce at least the same level of output but using the minimum level of input among the sampled farms.

From an economic perspective, the mean order-5 technical efficiency score of 0.522 imply that the
average farm is using about 48 percent more inputs than the expected value of the minimum input level of
input among the 5 farms drawn randomly from the population of farms producing a level of output that is
greater than or equal to the average output of all farms. The economic meaning of the subsequent order-m
technical efficiency scores can be interpreted in the same manner.

We also computed the Spearman rank correlation of the order-m technical efficiency scores. We find that
the rank correlation between efficiency scores with m values closer to each other is strong and the
correlation gets weaker as the values of m gets further apart. Overall, the strong rank correlations suggest
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that the partial frontiers are able to provide a consistent benchmark of the farms regardless of the value of
m.

Table 2: Summary statistics of oderm efficiency scores for 256 decision making units

Mean Maximum Minimum S.Deviation
Order-m (5) 0.522 1.000 0.027 0.207
Order-m (10) 0.638 1.000 0.050 0.207
Order-m (20) 0.743 1.084 0.102 0.194
Order-m (30) 0.799 1.141 0.136 0.182
Order-m (40) 0.836 1.202 0.177 0.169
Order-m (50) 0.863 1.245 0.219 0.157
Order-m (60) 0.882 1.28 0.233 0.149
Order-m (70) 0.898 1.319 0.260 0.140
Order-m (80) 0.911 1.357 0.294 0.133
Order-m (90) 0.922 1.391 0.328 0.126
Order-m (100) 0.931 1.401 0.363 0.120
Order-m (120) 0.946 1.455 0.420 0.109
Order-m (140) 0.956 1.48 0.442 0.102
Order-m (160) 0.965 1.509 0.492 0.095
Order-m (180) 0.972 1.533 0.527 0.089
Order-m (200) 0.978 1.562 0.560 0.085
Order-m (250) 0.988 1.598 0.646 0.077
Order-m (300) 0.994 1.624 0.703 0.071

The percentages of farms above, below, and on the m-frontier are shown in panels A to C of Figure 2.
Panel A indicates that the number of farms above the m-frontier is increasing as mincreases in a stepwise
fashion and reaches a plateau when mis about 180. Panel B indicates that the percentage of farms below
the frontier is declining as m increases, suggesting that farms are getting closer to the partial frontiers.
Panel C indicates that the percentage of farms on the frontier is increasing as m increases. Those results
are consistent with theory because we expect the frontier to converge to the FDU frontier as m tends to
infinity. Panel C plots the average order-m technical efficiency at increasing values of m. It is clear that
the average order-m efficiency scores are increasing at an increasing and then decreasing rate and finally
converges towards 1 as m becomes greater than n (i.e., number of DMUSs).

The partial frontiers have been shown to be very useful in detecting outliers or extreme data. Figure 3
presents the scatter plots of conventional technical efficiency with order-m technical efficiency scores at
selected values of m. Panel A to D is the scatter for technical efficiency and order-m technical efficiency
at m equal to 50, 100, and 250, respectively. The maximum technical efficiency score is 1 and any point
above 1 for the input oriented order-m technical efficiency is a warning that the decision making unit may
be a potential outlier relative to other farms in the sample. What we observe from panel A and D is that as
m increases the outliers start to emerge and the number keep increasing until it stabilizes at some point.
For our case, the number of outliers stabilizes to 9 at order-160. Those 9 farms can be isolated and further
investigated to find out why they are outliers.
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Figure 4. Density plots

Figure 6 shows the kernel density plots of the conventional technical efficiency scores and selected order-
m technical efficiency scores. Here we use the Gaussian kernel and optimal band width is selected using
the Silverman rule of thumb (1986). Panel A indicates that conventional technical efficiency has a
bimodal distribution at the peak and is right skewed. Panel B is the order-5 distribution that is left skewed
and unimodal. Panels C to F indicate that as m increases, the bimodal distribution becomes more
pronounced with some farms converging to a mean order-m technical efficiency closer to 1 and others to
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a mean efficiency closer to zero. The distributions reveal that it is not sufficient to consider the mean
scores only but the entire distribution of the scores need to be examined. It also reveals the importance of
choosing the appropriate threshold level of m.

CONCLUSIONS

The purpose of this study was to use the robust partial frontiers of order-m to investigate the levels and
sensitivity of technical efficiency measures for a group of 256 farms in Kansas for the year 2010. We find
that the order-m technical efficiency have meaningful economic interpretation and provides more
information to the analyst than the conventional DEA scores. Those scores provide an indication of how
efficient a farm is compared to other m potential units that produce same level of output minimum inputs.
Therefore, decision makers can choose the values of m to provide guidance to farm managers in
benchmarking their performance relative to other farms. For our analysis, we found that technical
efficiency will increase at a decreasing rate as mincreases. The number of DMUs below the frontier will
also decrease and eventually reach a plateau.

The partial frontiers of order-m are more useful when benchmarking the performance of farms that may
be different in scale and size. Rather than deleting the outliers in the sample, a value of m can be chosen
to construct a partial frontier that does not envelope the entire dataset. Overall, our results suggest that
technical efficiency scores is a relative measures that depends on number of decision making units used
for comparison, a concept often forgotten when interpreting efficiency. We believe this method provides a
better way of analyzing the efficiency of agricultural entities that the traditional methods.
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ABSTRACT

The purpose of this paper is to assess the efficiency on public education provision by Brazilian local governments at
primary and lowsecondary levels and to evaluate whetther financial resources municipalities currently allocate

to education are sufficient to guarantee that quality targets established for 2021 can be achieved. Parents’
schooling is assumed to be a fixed input in the short run, and municiptditesy hawe control over the amount of
current spending on education. Results indicate that the amount adfficiently spent resources is significant and

that most local governments could actually achieve respective targets without additional resources, byanoving
best practices.

Keywords Data Envelopment Analysis, Directional Efficiency, Public Spending, Education

INTRODUCTION

Education has been one of the main concerns on public policies in Brazil since the redemocratization
process culminated in a new Constitution, enacted in 1988. Municipalities have since then taken
responsibility for most of pre-primary, primary and lower secondary public education provision. Since a
fund for financing subnational spending on education (FUNDEF) was created in 1998, all municipalities
have been provided with a minimum level of financial resources per studentThis is believed to have
strongly encouraged municipalities to proceed with the decentralization established by the Constitution
and to have led municipalities to stimulate school attendance. In fact, school attendance rates among
school aged population has been steadily approaching universalization.

The effective learning achieved by students has been also a major concern. The Ministry of Education has
developed, since the beginning of the 90s, a system for assessing learning achievements, which is now
well established and internationally regarded as well conceived [Bruns et al (2012)]. In its current
formulation, the biannual assessment makes it possible to compare the performance of all public schools
with each other and in an intertemporal basis. The performances are measured by IDEB (Basic Education
Development Index), which comprises students literacy on fifth and ninth grades and also pass rates, and
are fully disclosed in per schooland per municipalitybasis. Besides the positive effect of performance
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visibility, targets at school level were established and meant to be met by 2021, aiming at approaching
2003 average OECD level®.

Increasing resources have been assigned to public education provision in Brazil. According to INEP, a
federal institute linked to the Ministry of Education, public expenditure per pupilin primary and lower-
secondary education in 2011 nearly triples in real terms those of 2000. Yet, the figure is substantially
lower than those observed among the countries with the best PISA results?, which might be considered
reasonable evidence that further resources will be necessary if Brazil is meant to achieve that level of
excellence. However, public finance figures show signs that, in the short run, there might not be fiscal
space to spend much more on Education.

On the other hand, recent literature on the economics of education shows evidence of causality relation
between students performance on standardized tests and economic growth [Hanushek et al (2013)].
Therefore, if Brazil manages to improve students learning achievements even with not much increase in
spending, it will be expected to sustainably boost economic growth, indirectly providing more resources
that could be allocated to education without expanding expenditures as a fraction of GDP nor asking for
reallocating funds from other public services. If those additional resources are used efficiently, it will
improve the students’ proficiency further and consequently raise economic growth once again, in a
virtuous circle.

This paper aims at assessing the efficiency on public provision of primary and low secondary education at
municipal level, considering only the main providers (local governments). The bigger the assessed
inefficiency, the bigger the room for improving performance without additional resources. In the light of
estimated frontiers, municipalities able to achieve 2021 targets without additional resources are identified.

Since Charnes, Cooper and Rhodes (1981) seminal application of DEA to education, several papers have
attempted to assess efficiency on education services both in an in-country and in a cross-country
perspective [Portela and Camanho (2012), Ruggiero and Vitaliano (1999)]. A few papers have also sought
to assess the efficiency on education provision at school and municipal levels in Brazil using DEA
models and variants, frequently focusing on a particular state or an area of a state [Almeida and Gasparini
(2011), Gongalves and Franga (2013)]. It seems notable that the effiency estimates always indicate a
significant room for improving performance.

METHODS

In this paper, IDEB 2011 is taken as output and current expenditures per studen{summarizing all costly
inputs) and average parents’ schooling (a proxy for family background) are considered as inputs. The
assessment of municipalities’ efficiency is carried out using DEA methodology, with variable returns to
scale® and considering parents’ schooling as rigid, so that only the expenditures are contracted onward the
estimated frontier, instead of the standard radial contractions. For the sake of comparability, a standard

! Targets were defined after a comparative basis was established between PISA and IDEB rates.

% Considering countries with available data (UNESCO). INEP’s numbers were used for Brazil’s enrolments and
expenditure as percentage of GDP.

¥ Constant returns to scale are not suitable to DEA models with ratio data, as is the case for per studenexpenditure
[Hoolinsworth and Smith (2003)].
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BCC model is also applied, although the interest actually lies on the non-radial one. Input orientation was
chosen in order to estimate the fractions of allocated resources which were not yielding the maximum
possible return, albeit cutting expenditures will not be advocated.

From the universe of 5,564 municipalities, 606 were excluded due to missing values. Another 30 were
regarded to be outliers by the method formulated by Andrews and Pregibon (1978), later generalized to
multi-output case by Wilson (1993) and implemented in the FEAR package, which can be used in R
software environment [Wilson (2008)].

The remaining 4,928 municipalities are split into four ad hoc categories according to the population
magnitude, so that the Meta-frontier framework conceived by O’Donnel et al (2008) can be applied. Intra-
group frontiers are estimated and these technologies are compared to the meta-technology, revealing
important differences in production environment between groups. Finally, virtual DMUs (where the
current output levels are substituted by the respective 2021 targets) are assessed in the light of the same
technology, revealing which municipalities would be able to achieve respective targets without additional
financial resources. Calculations were carried out by using Benchmarking package, also linked to R
environment [Bogetoft and Otto (2011)].

The considered municipalities represent 90% of all local governments in Brazil, and correspond to an
annual average of 15.7 million students over the period. The set of the smallest municipalities represents
nearly half the comprised enrolments (48%). (See Table 1)

Table 1: Municipality groups and respective enrolments

Average number

. C )

Group Population Municipalities Municipalities of students™
1 0 — 50 thousand 4,956 4,344 7,499,291
2 50 — 100 thousand 325 319 2,396,621
3 100 — 500 thousand 245 234 3,645,864
4 More than 500 thousand 38 31 2,141,632

Total 5,564 4,928 15,683,408

® Missings and outliers excluded.
) Average annual enrolments for the 2008-2011 period taken for each municipality.

RESULTS AND DISCUSSIONS

The average technical efficiencies and meta-technology ratios are displayed on Table 2. The first four
rows show the average efficiencies for municipalities within each group, in the light of the respective
intra-group technology. The fifth one gives the total averages still considering for each municipality its
intra-group frontier. The last row shows the average estimated efficiency considering the meta-
technology, determined by all municipalities, whose frontier envelops the intra-group counterparts. The
averages are taken assigning to each municipality its number of enrolments as weight.

One can note that efficiencies estimated by the non-radial VRS model are smaller than those stemmed
from the radial VRS one, which means that regarding parents’s schooling as rigid reveals that current
expenditures could be reduced further. Considering the intra-group technologies, efficiency increases with
the size of municipalities, and smaller municipalities are estimated to be able, by moving to best practices,
to reduce by nearly 45% in average their current expenditure per studentwithout consequences to the
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output levels. Furthermore, larger municipalities still seem to have significant room to improve
performance. (See Table 2)

Table 2: Average technical efficiency and metatechnology ratios

Groups Municipalities Students Radial VRS Non-radial VRS Radial VRS

efficiency efficiency MTR

1 4,344 7,499,291 0.626 0.554 0.933

2 319 2,396,621 0.654 0.622 0.886

3 234 3,645,864 0.723 0.629 0.668

4 31 2,141,632 0.856 0.660 0.413

Total 4,928 15,683,408 0.682 0.594 0.793
Meta-technology 4,928 15,683,408 0.530 0.464 -

On the other hand, the meta-technology ratios (MTRs) are significantly higher in the two groups of
smaller municipalities. In fact, these municipalities determine the meta-frontier, since only the
corresponding intra-group frontiers eventually touch the former (points with MTRs equal to one). This is
an evidence that education provision has been taking place under more adverse production environment in
the larger municipalities comparative to smaller ones. This should be investigated in subsequent research.

The municipal delivery of primary and low secondary education has annually represented a typical
amount of USD 32 billion over 2008-2011 period on considered Brazilian municipalities (see Table 3). A
major 43% slice has been spent by small local governments, which attend nearly half the students. These
figures show how important it is to assess the education provision which is taking place there. Not only
are the expenditure and enrolments figures huge among these municipalities, but, according to intra-group
frontiers estimates, they account for the biggest fraction of non-efficiently spent resources, in absolute and
relative terms. In fact, nearly half the resources could have been spent somewhere else, leaving outputs
unchanged, and the US$ 6.7 billion represent nearly half the total figure. The other municipalities are also
estimated to have been inefficiently spending significant resources. The overall fraction reaches 44%.
(See Table 3)

Table 3: Non-efficiently spentresources according to intragroup technologies

Radial VRS Non-radial VRS Radial VRS Non-radial VRS
Groups  Municipalities Actual (2011 USD (2011 USD (%) (%)
spending billions) billions)
1 4,344 13.7 5.7 6.7 415 48.9
2 319 42 1.6 1.7 37.3 41.0
3 234 7.6 2.3 3.2 30.5 415
4 31 6.4 1.0 25 16.0 39.2
Total 4,928 32.0 10.6 14.1 33.2 44.1

Considering each municipality as a virtual DMU where the respective targets take the place of current
output levels, one can assess which could possibly meet the respective objectives without additional
resources, in the light of the estimated intra-group technology. As Table 4 shows, only a few of
considered local governments have already managed to achieve their targets. Nevertheless, the majority
of reaming municipalities could also have accomplished the same. The evidence due to the adopted
methodology and assumptions as well as the used data indicates that less than 10% of the assessed local
governments actually need further resources in order to achieve respective targets. Furthermore, those
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able to do that could do so and even spare slightly more than one third of the spent resources, which
means that the targets could be more audacious or the spent resources could be reduced.

Table 4: Municipalities that could meet respective targets without further resources

croups Mo e coudmeer GoUSmeet qual - eficent, el
palities target the target %) spending (2011 USD) (%)

1 4,344 242 3,985 97.3 13.3 49 37.3

2 319 1 166 52.4 2.3 0.5 23.8

3 234 2 110 479 4.2 1.3 32.1

4 31 - 3 9.7 0.5 0.2 34.7

Total 4,928 245 4,264 915 20.2 7.0 34.6

®YUnder the hypothesis that the able-to-meet-targets municipalities succeeded in reproducing best practices and expanding outputs to respective
intra-group frontiers.

CONCLUSIONS

By using a VRS DEA methodology with one of the inputs regarded as non-discriotionary, under a meta-
frontier approach, this paper brings evidence that the amount of non-efficiently spent resources on
primary and low-secondary municipal education provision in Brazil is substantial. That has particularly
relevant consequences considering the scarcity of fiscal space to substantially increase expenditures and
Brazil’s slight accomplishments in terms of students literacy.

Regarding efficiency as rigid in the short run and since the Brazilian municipalities spend much less per
studentthan the countries with the best PISA performances, one couldn’t wisely advise towards a
reduction of financial resources allocated to primary and low-secondary education. Nevertheless, efforts
should be made on improving performances, focusing mainly on small municipalities, whom seem to
have the biggest room for improvement and account for a major fraction of enrolments. Performance
improvement is expected to have positive repercutions on economic growth, and that would actually
make more resources available, triggering a virtuous circle.

The obtained estimates indicate that most of Brazilian local governments could meet respective targets
without additional resources. Most of them could actually go further. Since those targets were established
in a comparative basis with PISA accomplishments by OECD countries, best practices dissemination
throughout Brazilian municipalities would actually take Brazil much closer to international standards.

This paper also brings strong evidence of adverse production environment underlying municipal
education provision on most populous municipalities. Further research should investigate which
characteristics are associated with that adversity and how to mitigate it, increasing production possibilities
on those municipalities. Likewise, there is an extensive literature investigating optimal reforms on
education provision, which might reveal practices still not adopted in Brazil that could expand
possibilities on improving performances [Bruns et al (2011), Bruns et al (2012), Bruns (2013), Veloso
(2011)].

Further research should also investigate which factors underlie the estimated inefficiency. That would be
carried out on a second stage, through a tobit regression or adopting the methodology conceived by Simar
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and Wilson (2007). As a conjecture, the eventual lack of basic infrastructure is expected to play an
important role.
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ABSTRACT

Published performance indicators of the quality of the public service deliveréadiwydual producers play an
increasingly important role in the management and monitoring of major public services, such as education, health
care and social services. Their role is heightened by the existence of competition between individual paelic servi
providers, such as schools, universities and hospitals, for the available funding on the basis of the number of
customers which they attract, in part on the basis of their published quality of service indicators. This paper
examines the additional codsirations which arise in this context for frontier estimation techniques, such as Data
Envelopment Analysis (DEA). These additional considerations relate particularly to whether the standard convexity
assumption of DEA will prevail, and the issue of thdogieneity of resource inputs. The paper identifies ways
forward in how frontier estimation techniques can handle these additional complications.

Keywords The quality of public services, Data Envelopment Analysis, Convexity, Endogeneity

INTRODUCTION

The quality of the public service delivered in major public service sectors, such as education, health care
and social services, is an important issue of concern to their recipients and funders. At the same time,
public service producers are typically producing multiple outputs, such as different kinds of health care
treatments, different education to different groups of pupils, and both teaching and research in
universities. Even if improving the quality of service delivery across these different outputs is
complementary over some range, at some point constraints on what is feasible will become binding and
trade-offs will need to be made along the frontier of the feasible set between the quality of these different
outputs. It therefore becomes of considerable interest to be able to answer the questions of (i) where is the
feasible frontier between different quality achievements for any given public service producer? (ii) what
are the trade-offs for efficient public service producers between quality improvements in these different
directions? (iii) how much scope is there for an individual public service producer to improve its output
quality? (iv) which individual public service producers are currently on the quality frontier? and (v) what
are the implications for resource management strategies by individual public service producers seeking to
achieve improved output quality?

There are all questions which in principle frontier estimation techniques, such as Data Envelopment
Analysis and Stochastic Frontier Analysis (SFA), can help to provide answers to. However, real world
applications, such as those which are involved in public service quality indicators, can generate important
and interesting complications beyond those considered in the standard model of production of frontier
estimation techniques, in which there is a uni-directional relationship between resource inputs and outputs
along the production possibility frontier that is determined by the production function relationship of
standard micro-economic theory. We will examine several of these additional complications, and how
progress can be made in tackling them, in the application of frontier estimation techniques to addressing
the above questions.
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ENDOGENOUS RESOURCE INPUTS

These interesting additional complications include the fact that the number of clients, in the form of
pupils, students or patients, which the public service provider attracts may well itself depend upon the

quality of service which the public service provider offers. This suggests that the number of clients, n,,
which producer i attracts to its kth service is some function @, (Z) for k =1,..., m of its output quality
vector, Z =(2%,..., ,)across its m different public service components. Individual public service
producers may also face a funding formula r(n,,z) which relates their total funding, Y, - $ above some
base level of funding, S, in a positive way to the number of clients which they attract for each service,

with n = (r]l,..., ﬁ]n), and to their output quality, Z . Such is the case, for instance, in the UK National

Health Service where individual hospitals face a Payment By Results system which generates their
funding according to the number of patients treated in each category of care, with adjustment also
possible for the quality of care. Similarly, the funding of UK universities by student tuition fees and
research grants and other income makes their income dependent upon the number of students they attract
on their different programmes and upon the quality of their research activity.

In addition, the ability of the public service producer to attract able and well-qualified staff as inputs into
its production process for the delivery of public services may also increase with its standing and
reputation as a substantial producer of high quality services. The wage, W, , which the individual public
service producer i must pay to attract labour of a given quality may also then be characterised in terms of
a (decreasing) function W(Zz) of its output quality, Z. When we assume for the sake of simplicity that

labour is the only input into the delivery process for public services, the existence of a budget constraint
for the public service producer i from the above relationships implies that the total cost of the quantity of

labour, X , which it can hire must equal its total income Y, , i.e.:

Wz)x=Y =8 €«d... 9(;% ¥ andhenceX= s( 9.z, (0. 3/z(;)wz:hH (1)
where from our above discussion h(z, $) is an increasing function of S and of each component of Z.

The resultant functional relationship, X = h(;, 5) , tells us the level of real resourcing , here in units of
labour, that the public service producer can secure, while still breaking even financially with a base level
of funding of § plus additional performance-related income, if it succeeds in producing its output quality

at the level z. The effect of including this additional functional relationship alongside the standard
concept of a production possibility frontier (PPF) is shown in Figure 1 below for the case where the PPF
is represented in the case of SFA by a parametric production function given by z = f(X, @), where a

represents any stochastic variations in the form of technology available to different producers. The PPF
estimated by standard models of DEA in which all DMUs face the same technological possibilities can
then be interpreted as a piecewise linear approximation to such an underlying smooth production
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possibility frontier, holding constant the value of a across all producers. In both DEA and other frontier
estimation techniques, such as SFA, recognition can clearly be given to the possibility that any given
DMU may be producing at a technically inefficient point inside the PPF, such as at the point (x, Z)
for the public service producer i in Figure 1. In terms of the parametric formulation of SFA, this may be

represented in terms of the deviations € from the PPF in an additive or multiplicative form:

z=1(x,8) ¥ wheree @ or,z ,=4,x,a whefe , ¢k 2)

i
However, in the presence of the additional relationship given by (1) between the available inputs, X, and
the output quality, Z, which produceri achieves, there arises the problem in making consistent estimates
of the production function in (2), and the associated position of the PPF, that the explanatory variables, X

, are now correlated with the disturbance terms, €, in (2), resulting in potential endogeneity biag the

estimates of the parameters of the production function (see Mayston, 2007, 2009). At the same time,
there arises the identification problemof disentangling the position of the PPF from that of the

relationship h(z, $), given the set of observed points which results from the interaction between the two

sets of relationships. In the case of DEA, its non-stochastic structure is generally taken to imply that it is
immune from such endogeneity bias, though with Orme and Smith (1996) arguing that there still remains
a problem of sparsity biasfrom any additional relationship influencing where the observed points are
located in the input-output space.

Figure 1 nevertheless suggests that useful progress can still be made even in the case of the stochastic
frontier formulation of SFA by focussing first on question (iii) of how much scope there is for an
individual public service producer to improve their output quality. If the public service producer i does

raise its output quality to the maximum level ;‘2) permitted by the PPF for their given initial level of
resource input , )g‘l), the additional relationship given by (1) implies that such an improved output quality

will result in an increased level of resource availability of x*.

If producer i is fully efficient, the PPF in Figure 1 in turn implies that an output quality of z is feasible
from a resourcing level of x®. It is therefore the one with which the initial level of output quality z®

can be compared to assess the overall shortfall in performance. The output quality zi(S’ results from a

multiplier processin which the initial improvement in production efficiency in producing improved
output quality itself produces cumulative increasesn resource availability and output quality that
continue in Figure 1 until a new higher level of equilibrium is achieved for producer i at the point

(X®, Z9) where the PPF given by z = f(x, @) intersects with the resource funding relationship
x =h(z, s). When these two equations are solved simultaneously and combined with (2), the result is

a reduced form equation of the formz =y (S, & @, whose derivative Pz / B indicates the multiplier
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effectof a small improvement in producer i ’s technical efficiency on the achievable level of its output
quality. If we assume that the underlying functions are log-linear in form, such as with a Cobb-Douglas
production function, with a multiplicative version of (2), we can show that j is also log-linear, with a

constant value to the multiplier effect’s elasticity MInZ / [In€ that can be consistently estimated from

the associated reduced form equation.

Public
service x;= h(z; s)
output
quality
Z;
z;=f(x; ay)
Z_Il'3l
22
Z_Il'll
0 x-.m x-.m x-.m Resource input, X;

Figure 1: The multiplier effect of efficiency improvements

Such an equation, moreover, maps out what we can describe as the Achievement Possibility Frontier
(APF) that describes the maximum feasible level of output quality for producer i for any given initial

level of its base funding S and of @ . It therefore provides an answer to question (i) above. When we

generalise this approach to the case of multiple outputs, such a frontier also then indicates the trade-offs
between the quality of output in different directions which face an individual efficient public service
producer along the feasible APF as resources are reallocated between these different outputs. These are
the trade-offs which are relevant to answering question (ii) above. Knowledge of these trade-offs between
the quality of output in different directions is of considerable importance to many public service
producers, such as a university considering its resource allocation policy between research and teaching
or a school considering the effects of different levels of resourcing for different pupil groups. Extending
this approach to non-parametric frontier estimation techniques, such as DEA, would imply estimating a

feasible frontier of output quality levels using only the exogenous base funding level § as the input

variable, and seeking thereby to estimate the overall Achievement Possibility Frontier of the maximum
feasible levels of the output quality that can be achieved from this initial base funding, as a result of not
only the technical possibilities represented by the PPF but also the scope for improved additional funding
levels associated with improvements in the output quality. The proportionate distance which any given
public service producer is from the APF along a ray through the origin provides an answer to question
(iii) above, of how much scope there is for an individual public service producer to improve its output
quality. Identification of the APF also then reveals which individual public service producers are
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currently on the quality frontier, as question (iv) requires. The resource management implications of
guestion (v) for any given public service producer not on the frontier involve learning from the practices
of those producers which are on the frontier, both in terms of improvements in their production efficiency
and in terms of the generation of improvements in their funding which an improved output quality can
achieve.

QUALITY ASSESSMENT

The quality assessment of the output of public service providers is often in terms of the percentage
achievement of different quality grades, such as the percentage of pupils attaining 5 or more A* - C
grades in the General Certificate of Secondary Education (GCSE) in England, or the percentage of
research output falling into different assessed quality grades, or the percentage of trains arriving within 5
minutes of the scheduled time. These quality assessments are often used as important performance
indicators for the service provider. Since there are typically several different services that any given
provider supplies, such as teaching at different levels of school education, research and teaching quality,
and journeys on different train routes, a multi-dimensional analysis becomes required. DEA would

hopefully provide this. The level of quality, 0, that is achieved by producer i in direction K we can
take to be given by some expected level v, that reflects the resources which producer i devotes to
generating quality in direction K plus some stochastic variation, U,;, around this mean. The existence of
discrete quality grading then implies that the assessed level of quality, q;, is of grade g, if the
underlying level of quality Qg =V,; +J;is at least as great as the threshold level, g, , ., for this quality
grade but less than the threshold level G gn for the next highest quality grade. If we assume that U, is
normally distributed with a mean of zero and a standard deviation of S, and that there is a weighting

function W, (g,) which gives the value placed upon different assessed quality grades, the expected value

of the quality assessment for producer i in direction k equals

Qi =/ (V) TAW(AIN(gqs M)/ & N g W ) ®)

where N is the standardised cumulative normal distribution function. The marginal productivity of
additional resources devoted to improving quality in direction K then has an expected value of:

Jivd=a B(g) € ,q)/ sewhere B¢ W9 -9 6 ,( (oW @

where £ is the standardised normal density function, and hence:
Jil)=a ™(g) g, (f, @/ % where , ¢ for . o (5)
¢
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The product g, , I kg) in (5) can be shown to behave in a highly non-linear way as it switches from

being negative over some range to being positive over another. Dwj, will also potentially increase in its

positive value if successively higher quality grades are much more highly valued than lower quality
grades. This in turn implies that there will be ranges over which the marginal productivity of additional

resources devoted to improving quality in direction K is increasing as more resources are devoted to

direction K along an efficient production frontier between assessed quality achievements in different
directions, but also regions over which their marginal productivity is decreasing. However, such switches
between decreasing marginal productivity and increasing marginal productivity of resources devoted to

each quality direction K can result in a breach of the assumption of convexityof the feasible production
set that is a key part of the standard model of DEA (see Cooper et al, 2007). This suggests the need to
deploy a frontier estimation technique, such as Free Disposal Hull (FDH) analysis (see Deprins et al,
1984), which can handle multiple output dimensions but which does not impose a convexity requirement.
While this is true in seeking to estimate the supply-side concept of the Production Possibility Frontier
using both exogenous and endogenous inputs in the frontier analysis, it is also likely to remain true when
we seek to estimate the Achievement Possibility Frontier that incorporates also demand-side relationship,
through using only the exogenous inputs in our reduced form approach.

CONCLUSION

This paper has examined several important additional issues for the frontier analysis of the performance
of individual public service producers which arise once the analysis focuses on the quality of their public
service delivery. It has also identified ways of addressing the associated additional complications of
endogeneity of resource inputs and non-convexity of the feasible set which may confront DEA and other
frontier estimation techniques in this context.
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ABSTRACT

The first step in extractingaluable minerals frommnoreisbr eaki ng t he ore, so ore oOhard
to take into account in designing a minerals processing flowsheet anagingra minerals processing operation.

Ore hardness is routinely measured but this is {tmesuming and expensive. Faster and cheaper indicators, or
O6proxiesd for ore hardness, rather than di ryeBetcausmeasur e
the theory relating such parameters with measured hardness is not well developed, practitioners usually test
combinations of such parameters, informed by their own experience. This paper describes a new application for the
DEA technique wherehyis used to objectively assess the suitability of various combinations of proxies to predict

the most appropriate proxies to solve for ore hardness. The measured data for both crushing and grinding
performance of a well characterised ore were usedaasgt. Application of the DEA technique demonstrated that

there is a connection between rock hardness and suitable DEA model results , indicating great potential for the
application of this technique in the minerals industry.

Keywords Data fusion, DEA, mxy attributes, rock breakage.

INTRODUCTION

In the mining industry, the attributes of an ore are analysed extensively to provide indications about how
it will process in the plant (Keeney 2010, Lorenzen & Barnard 2011). The results of these physical
measurements of the ore are interpreted to develop the mine plan which details which segments of ore
will be mined at what time, how they will be treated or blended and when they will be fed to the
processing plant. The measured physical data and the interpretations made about the ore body are critical
to both the day to day operation of the mineral processing plant and to the company meeting its predicted
production targets and thus stock-market confidence in the company and the its market value.

These physical measurements of the ore’s properties need to be made in great numbers, are very
expensive and take several months to complete. The data collected is typically in the order of terabytes.
As it is not confidently known beforehand which ore characterization method will be of most use in
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predicting the ore’s processing performance, a mixture of characterization techniques are used, resulting
in data sets that are not directly comparable. .

Until now, knowing which physical measurements to make on the ore and how to interpret the results in
terms of process-ability has been heavily informed by mining professionals’ experience with ores of
particular characteristics. Models do exist that link some of the physical measurements of the ore with
processing expectations but these are empirical and have quite limited generalizability to ores of even
moderately different characteristics (Baumgartner et al. 2011, Keeney & Walters 2011, Macmillan et al.
2011, Montoya et al. 2011).

There is extensive research underway in the industry to develop methodologies for understanding which
physical ore attributes correlate best with processing performance. This knowledge would enable
geologists to request only the useful assays, thus saving significantly reducing assay costs and time. The
DEA technique has been used extensively in the Health Care and in other industries (Liu et al. 2013)
however, it has not yet been tested in the mining industry context (Stoles 2011). This study investigated
applying the DEA technique to a large volume of geophysical data from a well characterized block of ore
in order to assess its potential for streamlining the identification of correlations between the geophysical
attributes and one of the key ore attributes, hardness, called ‘A*b’ (Keeney, L et al. 2011). This
parameter is used by process modellers and operations staff to predict the milling performance of the ore
in the plant, and thus to estimate the maximum achievable production rate.

METHODS

Data envelopment analysis (DEA) is a linear programming based technique for measuring the relative
performance of data points where the presence of multiple inputs and outputs makes comparisons
difficult. The usual measure of efficiency, i.e.:

output

mnput

efficiency =

is often inadequate due to the existence of multiple inputs and outputs related to different data. DEA is
usually used as a tool for decision-making and not data analysis.

Here the efficiency is used to describe rock hardness (A*b). The problem posed was:: What is the
relationship between efficiency and rock breakage? Here a certain output-oriented CCR-DEA model was
found as the most useful one.

Output-oriented CCR-DEA model is defined as follows (Cooper et al. 2007). To solve for vector of
efficiency scores, the following maximization problem must be solved:
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Where u, and v; are weights assigned to input and output variables, y includes all the output variables and
x all the input variables.

Before the output-oriented CCR-DEA model is used further, the rationale behind using DEA model in the
first place is provided. The reason why DEA modelling is used rather than linear regression is that DEA
models can be combined into a quotient model, which in turn can explain nonlinear dependencies. The
guotient model can be defined as

Jl':"rl
quotient model E, = —
where E; and E; are defined as vectors of efficiency scores of output-oriented CCR-DEA models number
1 and 2, respectively.

The refined scheme of describing efficiency in the case of rock breakage is the shown in Figure 1.

Inputs _ » Outputs
properties making the rock Breaking uses of the
easier to break and properties broken rock

making the rock harder to break

Figure 1. Refined scheme of rock breakage in the sense of efficiency.

Let us define quotient model more precisely. The way the quotient model is used here suggests it is a
relationship between input variables. Mathematically it can be expressed as :

Ratio of input variables
amount of factors making the rock easier to break

" amount o f factors making the rock harder to break

maxl
1 1 f

- fi fi f

o

107



Therefore, the quotient model belongs to the set of possible solutions for the ratio of input variables,
where the input variables are defined as

fi= Z Vi g

and similarly for f,. The solution for the different input variables selected supports the claim that the
second equality in the above expression also holds (see Results and Discussion section).

As can be seen, the output variables are given as dummy variables of one. The model could be expanded
to include different output variables, but then the connection between efficiency scores and rock breakage
would not hold.

The program developed on the basis of the theory described above simply tests all of the different
combinations of variables in the given data, with the number of variables in a combination being n, where

n =2, 4 or 6. The different data points are called Decision-Making Units (DMUs).

Table 1 The results of the study

MO MODEL VARIABL | VARIABL | VARIABL | VARIABL | VARIABL | VARIABL
DEL DESCRIPTION E1l E2 E3 E4 ES5 E6
, | CCR-00,2 MGO- POINT

VARIABLES XRF12S LOAD

CCR-OO/CCR-00, | /. POINT

2 VARIABLES, XRF12S LOAD
, | DIVIDEND

DIVISOR XRF12S XRF12S

CCR-00, 4 TIO2- POINT
3 | VARIABLES CuU_PC XRF12S Lol LOAD

CCR-O0/CCR-00, FE203-

4 VARIABLES, CU_PC S-IR08 XRF12S LOI
4 | DIVIDEND

fgiﬁgﬁ%g'oo’ AL203- K20- MNO- P205-

DIVISOR XRF12S XRF12S XRF12S XRF12S

CCR-00, 6 S-ICP16 TIO2- POINT
5 | VARIABLES AU-AAZ6 | CU_PC XRF12S LOI LOAD

CCR-O0/CCR-00,

6 VARIABLES, AU-AA26 | CU_PC S-ICP16 ;'%1'28 LOI Egg\\g
6 | DIVIDEND

SVARIABLES | siRos | scalor | AL203- | CAO- K20- SRO-

DIVISOR : XRF12S XRF12S XRF12S XRF12S

*The variables include chemical compositions determined by x-ray fluorescence (XRF), inductively coupled plasma
(ICP) and atomic absorption spectroscopy (AA), hardness as determined by the Point Load technique and Loss on
Ignition (LOI). There were 98 data points.

RESULTS AND DISCUSSION

The results are shown in Table 1. These were calculated using the DEA CCR (Charnes Cooper Rhodes)
model with output orientation, as this was found to be the best model to use in the preliminary analysis.
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This model was then used throughout the analysis. The best model of CCR-OO models is clearly the
quotient model of 4 variables in the divisor and 4 variables in the dividend (model no. 4, see also Figure
2).

Figure 2 shows that there is a clear correlation with Efficiency scores and A*b. This provides confidence
in the method used.

Whilst this is an exploratory study of the potential usefulness of the DEA technique in the mining
industry, if we assume that the combination of attributes identified using the DEA technique do indeed
have the greatest correlation with A*b for this particular ore, then some interesting implications can be
drawn:

First, is that the DEA technique can provide guidance to mining professionals about which ore attributes
correlate best with A*b. This would provide great value to the industry as measuring A*b is costly and
time consuming. The industry tends to use ‘proxies’ for A*b and is actively searching for better proxies.
The DEA technique has identified some attributes which geologists already consider as proxies, thus
demonstrating consistency with established practice in an automated, less time consuming manner and
has also identified other attributes that are not currently used as proxies.

DEA per DEA model of rock breakage, 4 / 4 variables

*
09+t 1
4
081 My o l
*4E
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s 0B #* B
2 - %+
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01t %
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Figure 2. Output oriented DEA CCR model per Output oriented DEA CCR model (gwtient model), 8
variables.

The second point is that the parameters in the best model relate only to XRF elemental analysis results.
This means that if this model has captured the actual correlations between attributes and A*b, then only
XRF assays need to be ordered to preliminarily assess an ore body for its A*b performance. XRF assays
are routine and relatively cheap compared to the other geophysical characterisations routinely performed.
Using XRF data as a preliminary ‘screening’ assessment of the ore would allow significant savings in
cost and time for mining companies and would allow them to identify areas of potential interest for more
detailed analysis.

CONCLUSIONS
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Application of the DEA technique to a large body of ore characterisation data correctly identified the
proxies already used by mining professionals for ore hardness, and did so in an automated, time saving
way; it identified additional ore attributes that could be used as proxies for hardness and it suggested that
it may be possible to develop proxies for ore hardness using a relatively inexpensive and fast ore
characterisation technique. The DEA technique is therefore warrants further investigation as a means to
save significant cost and time in ore body evaluation.
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ABSTRACT

This paper considered Net Profit and Loan & Advances as outputs and Deposit, Reserve and Fund from
International Monetary Fund as inputs of the central Barfi Malaysia (Bank Negara) over the time period from
2000 to 2012. Output oriented Data Envelopment Analysis (DEA) method and Malmquist DEA method are used

here to measure the efficiency and productivity change respectively. The minimum efficienag (h3&)ved for

net profit and Loan & Advances of the Bank Negara Malaysia in the year 2004. During the sample period, the mean
efficiency of the Bank Negara Malaysia is found to be 0.926. The result shows that productivity change of output
variables are dcreasing for the Bank Negara Malaysia in most of the years. The increasing productivity change is

recorded in the years of 2000, 2001, 2009 and 2010. The productivity is regreddé fund, Foreign Security,
Foreign Deposits and Gold and Foreign Excharto check the effect of #eevariables on productivity. Onold
and Foreign Exchange has a positive and significant impact on productivity of Central Bank of Mdtayeslig,
the productivity change of Bank Negara Malaysia is forecasted for thd@grdars using Brownian Motion model.

Keywords Efficiency; Productivity change; Brownian motion; Central Bank of Malaysia.

INTRODUCTION

During the 1990s there has been a constant emphasis towards the integration of banking and financial
system to create a more market oriented, competitive and productive financial sector throughout the
world. At the same time, technological innovations have transformed the banking industry, offering
savings in the cost and time of providing financial services and creating a range of new products. To keep
pace with such developments substantial bodies of efficiency and productivity studies have sought to
inform regulators and practitioners on banking sector performance issues relating to the rapidly changing
market environment. The academic literature, particularly in the US, has mainly focused on analyzing
cost efficiency (and more recently profit efficiency) using both parametric and non-parametric
methodologies (see Berger and Humphrey, 1997 and Goddard et al., 2000 for a review of the literature).
The former typically adopt the Malmquist Total Factor Productivity (TFP) Index approach whereas
parametric models include a time trend as a proxy for disembodied technical change. Recently, Berger
and Mester (1999, 2001) reinterpret the literature by proposing a parametric method to decompose total
changes in cost over time into a portion due to changes in business conditions and a portion due to
changes in bank productivity.

This paper aims to analyze technical efficiency and forecast with Brownian motion for central Bank of
Malaysia by comparing Malmquist TFP estimates of productivity change. The main objective is to
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investigate whether non-parametric estimates of productivity change and its decomposition yield
consistent results. The paper is set out as follows: Section 2 reviews the main literature and Section 3
outlines the approaches to the measurement and estimation of productivity change and efficiency as well
as Brownian motion for forecasting. Section 4 illustrates the results and Section 5 concludes.

LITERATURE ON PRODUCTIVITY CHANGE AND EFFICIENCY IN BANKING

The concept of total productivity was first discussed in the literature of the 1930s and the first explicit
calculation of “technical development”, obtained by generalizing a Cobb-Douglas production function by
adding an exponential time-trend, is attributable to Tinbergen (1942) (see Grilliches, 1996 for a review of
this early literature). In the context of this study, total factor productivity (TFP) measures changes in total
output relative to inputs and the concept derives from the ideas of Malmquist (1953). Cave et al. (1982b)
have investigated productivity indexes derived from Shephard’s distance function and provided the
theoretical framework for the measurement of productivity; this forms the basis for what has become
known as the Malmgquist Productivity Index number approach. Féare et al (1985, 1994) have shown how
the Farrell’s (1957) efficiency indexes are closely related to Shephard’s distance functions.

One of the first studies to investigate productivity change in the banking industry was by Berg et al.
(1992). They employed Malmquist indices for productivity growth in Norwegian banking during the
years 1980-89 and found that productivity fell prior to the period experiencing deregulation but grew
rapidly when deregulation took place. Grifell-Tatjé and Lovell (1997) investigated the sources of
productivity change in Spanish banking over the period 1986-1993 using a generalized Malmquist
productivity index. They found that commercial banks had a lower rate of productivity growth compared
to savings banks, but a higher rate of potential productivity growth. Wheelock and Wilson (1999) used the
Malmquist index to study productivity change for all US banks between 1984 and 1993. They found that
productivity declined on average during this period because of reductions in efficiency. Alam (2001)
adopts a similar approach to Wheelock and Wilson (1999) to investigate productivity change in US
commercial banking over the 1980s and finds a significant productivity increase between 1983 and 1984,
followed by a fall in 1985 and growth thereafter. Chaffai et al. (2001) use a Malmquist type index that
allows for inter country productivity differences to be broken down into pure technological and
environmental effects.

METHODS

This section briefly describes the non-parametric methodological approaches like Data Envelopment
Analysis (DEA), Malmquist DEA for productivity measurement along with Brownian motion for
forecasting followed; illustrates the sample and discusses the measurement of the inputs and the outputs
used in this analysis.

DATA ENVELOPMENT ANALYSIS EFFICIENCY

Let us consider that p-th farm used s inputs to produce t outputs. In order to measure production
efficiency in constant return to scale (CSR), DEA model (Charnes et al 1978) can be defined as follows:
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where x; 2 0 is the i-th input and 'y, 2 Ois the j-th output for p-th firm. /p 2 Qis represent intensity of

variable. And this problem has to be solve n times because number of farm is n.

MALMQUIST TOTAL FACTOR PRODUCTIVITY

The Malmquist Productivity Index (MPI), a non-parametric DEA model under time dependent situations,
is used for the evaluating total factor productivity (TFP) growth of a decision making unit. The concept of
this index was introduced by Malmgquist (1953) as the input-output distance function by R. W. Shephard
(1970) and forwarded by Fare et al (Fare, 1992).

The Malmquist index in terms of the input and output data in t and t+1 terms is denoted by set {x%,v¥)

and (x®71,p*71)

e ) .

Where the distance function Df{y* x* eyt xt|c,s) 1S the reciprocal of Farrel technical

efficiency and the proportion the production point (x,y) which is compressed to the ideal minimum input

poiNt. A; = (X7, X0 X 50w v ve s Xomy) @NA ¥ = (3745, V250 Va0 e ey ¥y ) respectively represent the

input and output vector. F*{v%,x%|C, 5) is the Farrel technical efficiency and (C,S) is the input set on the

production with input strong disposability.

The Malmquist index can be decomposed into both technical efficiency change (TEC) and the technical
change (TC) which is as follows:

Ve — DLyl 1y (T peyesl gedly Dt(xt,yt) 1 2
T Dt(xt,yt) Dr—i::x:-—iu_,r—i} t

— TEC::X:-_i,_I':-_i, .1':-,_1':-31 ® TC::X:-_i,_I':-_i, X:‘J _1_.:'} (3)

BROWNIAN M OTION FOR FORECASTING

Suppose x(t) is a random variable whose value is a quantity of interest at time t. The collection of random
variables {x(t):0<t <= } is said to be a Wiener process or Brownian motion if

1. x(0)=0;

2. X(t) has stationary increments; that is, the distribution of x(t)-x(s) depends on t-s;
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3. X(t) has independent increments; that is, for t;<t,..<t,, the random variables x(t;), X(t)-
X(ty)...X(tk)-X(t.1) are mutually independent; and

4. for every t>0, x(t) is distributed normally with mean pt and variance 6°t.

DATA OF THE STUDY

For this study, we consider 12 years from 2000 -2012. The data is compiled from the annual reports of
Bank Negara Malaysia. In the study, Net profit and Loans & Advances are considered as output variables
whereas total assets, risk reserve and total deposit are considered as the input variables.

RESULTS AND DISCUSSIONS

Table 1 presents the descriptive statistics of loans & advances, net profit, total assets, risk reserve and
total deposit during the study period.

Table 1: Descriptive statistics of outputs and inputs (in 000 RM)

Loans and Advances Net Profit Total Assets Risk Reserve Total Deposit
Mean 10491606006.00 3777873625.08 303884451510.83 25376746478.83 165141211569.00
Minimum 8015270790.00 706055365.00  148908133501.00 13966079424.00 85186198065.00
Maximum  12924727795.00 7669863825.00 476331018780.00 44818340190.00 248685854102.00

Table 2 describes the year wise technical efficiency and productivity of input variables. Year 2000, 2001,
2007, 2008, 2009 and 2011 are found technically efficient year for Bank Negara. The minimum efficiency
(0.77) among the study period is in year 2004. The average technical efficiency in the study period is
0.926.

Table 2: Yearwise Technical Efficiency and Productivity of input variables

Year Technical Efficiency Productivity of input variables
2000 1 1
2001 1 1.28
2002 0.878 1.122
2003 0.805 0.959
2004 0.77 0.88
2005 0.779 0.773
2006 0.963 0.848
2007 1 0.764
2008 1 0.908
2009 1 1.243
2010 0.93 0.961
2011 0.92 1.115
2012 1 0.871
Mean 0.926 0.964

Since year 2000 is the initial year of the study so the productivity is one. The productivity is increased
from the preceding year in the year 2001, 2002, 2009 and 2011. Most of the years are showing decreasing
productivity than the preceding years.

114



Pr [

od Al

mc _

. d

=] ‘_ =

w1 —

¥ @
L

Figure 1: the simulated productivity

Figure 1 presents the simulated productivity for the next 10 years of Bank Negara. To forecast the
productivity, Brownian motion approach is used. From the simulation, most of the time productivity
would be in the range 0.7 to 1.2 but they are showing increasing trend.

CONCLUSIONS

This paper is studied to measure the productivity of total assets, risk reserve and total deposit as well as to
measure the year wise technical efficiency of bank Negara in Malaysia. Since most of the years the
productivity of inputs is decreased, the bank has opportunity to increase net profit and loans & advances
using the same inputs. The forecasted productivity is showing increasing trend which reflect bright future
of the bank.
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ABSTRACT

Data Envelopment Analysis (DEA) isqaantitative method to evaluate relative efficiency using input and output
data. Howeverjn manyreal practicesthere are no explicit input data available. In this case, we should consider
DEA models without explicit inputs (DBAEI). Pareto preference ignplied in existing DEANVEI models.
Majority preference is different from Pareto preference and is a common preference in real applications. How to
measure performances and rank DMUs under majority preference is an interesting issue to study. Thisngaper a
to investigate the DEAVEI model with majority preference (DBAXEI-MAJOR). Acase study on publication
assessment of 23 countriesfitories to showthe featuresf the proposed DEAVEI with majority preferences
proposed.

Keywords Data envelopmerdnalysis; DEA model without explicit ingutmajority preference

INTRODUCTION

In many applications there are often no explicit input data available (Emrouznejad and Amin, 2009,
Emrouznejad and Cabanda, 2010, Emrouznejad et al., 2012; Liu et al., 2011; Yang et al., 2013). Liu et al.
(2011) investigated DEA-WEI model systematically and constructed the theoretical bases for DEA-WEI
model. Yang et al. (2013) proposed the DEA-WEI model with quadratic terms from the perspective of
extended utility function. Among these existing studies, Pareto preference is implied in the above DEA-
WEI models. In other words, A is superior to B means A is not inferior to B in any attribute (Pareto,
1906). A preference is a relationship defined for some pairs on the set of alternatives and can express the
judgments of decision makers (DMs) on alternatives. Generally, we suppose that the rational preference
satisfies transitivity and completeness and the irrational preference violates one or two of them (Spronk,
1981). Majority preference is one of the irrational preference and widely used in real life. In real
performance evaluation on universities, for example, it is generally needed to evaluate the subordinate
departments first. If the performances of all departments of one university are not superior to those of
another university, we are sure that the former is better than the latter. This preference is defined as Pareto
preference. In another case, if the performances of major departments of one university are superior to
those of another university, we may say that the former is mainly better than the latter. In this case, the
preference implied is referred to as majority preference in this paper. As such, majority preference is
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different from the Pareto preference. Under the majority preference, how to evaluate the performance of
these universities? To what extend that one university is better than another? Another example, if we
think that the publications of major disciplines of one country A outnumber those of another country B,
then A is superior to B. What is the performance gap between these two countries? Motivated by such
evaluation practices and questions, this paper aims to investigate the DEA-WEI model with majority
preference (DEA-WEI-MAJOR), which can analyze the extent to which one DMU can be regarded to be
better than another DMU under majority preference.

METHODS
Definition of majority preference

We first show a generic specific order in Euclid space’Y &  p (Hu, 1994; Hu and Sun, 1993). We let

w UMD and have the following two sets: O @wN'Y sB { "Qd 1 and O
plo  m

wN'Y sB i Q8 T, wherei "Q® T[hg TU is the Kronecker function.
phb T

Here "Oand "Oare both the cones in space 'Y , and denote a cone with vertex and a cone without vertex
respectively. Since there is 'OO "0 T, we call that O and "O are major cone and strict major cone
respectively.

Next, we give a brief introduction of preference. A preference relation is a binary relation on the set

W ER"of alternatives, and may satisfy the following properties: completeness, transitivity, reflexivity
and anti-symmetry, etc. A rational preference relation """ is a subset of W3 \, that satisfies the
following two rationality properties. On the contrary, an irrational preference violates either completeness
or transitivity or both.

(1) Completeness: X 1 \ (where" means "for all") and " Y i \, X>Y, Y > X or both. This
means that it is always possible to say whether or not you would prefer one alternative to another.

(2) Transitivity: "X 1 \, "Y1 \,and "z 1 \, if X>Y and Y>Z then X>Z. The
implication of transitivity is that you can order your alternatives from best to worst, allowing for ties.

Second, we give the definition of majority preference, which is shown as follows.

Definition 1 (Majority preference). " X 1 \," Y [ \, we have

(1) if X - Y [ H then we say X is not inferior to Y, which is denoted by X >, Y;

(2)if & @~ "Othen we say X is superior to Y, which is denoted by X >, Y;
(3)if X-Y [IHand Y- X I H thenwe say X is indifferent to Y, which is denoted by ¢¥ &

where >, > and X  denotes "not inferior to", "superior to" and "indifferent to" respectively. We can

see easily that majority preference violates transitivity in the next subsection so it is not a rational
preference.

Nontransitivity of majority preference
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First, we discuss the voting paradox (also known as Condorcet's paradox), which is a situation noted by
the Marquis de Condorcet in the late 18th century. In this paradox, collective preferences can be cyclic
(i.e., not transitive), even if the preferences of individual voters are not. This is paradoxical in the sense
that it means that majority wishes can be in conflict with each other. When this occurs, it is because the
conflicting majorities are each made up of different groups of individuals. When the numbers of attributes
and alternatives increase, the world will be more complex. Readers can refer to Gehrlein and Lepelley
(2011) and Balasko and Cresc (1997) for more details on generalized formula of probabilities of non-
transitivity of majority preference.

Existence of aggregation function under majority preference

Majority preference is widely used in Vote theory and practices. Black (1948) pointed out that it may
produce a balanced voting result by appropriate restrictions on personal preference to fit a pattern. When
preferences of voters are single-peaked, the simple majority rule will be able to produce a unique
equilibrium solution, and the equilibrium solution is exactly the same as the preferences of the median
voter, which is also known as the "middleman" theorem. Coombs (1964) proposed “Coombs constraint”
and proved that this constraint can ensure the transitivity of social order produced by the decision-making
method of majority rule. Sen (1966) pointed out that the sufficient condition to generate transitive social

order is that individual preference should satisfy the triple-wise value-restriction, i.e., for arbitrary a

j=1,2,0or3 andk k=1,2,0r3 ,any member of the group will never rank a; at the position k.

If we consider that the value of each attribute refers to the results of voting of certain voters, we can see
that majority preference is an extended version of the Condorcet method. Thus we know that the non-
transitivity of majority preference is evitable when the value function of each attribute satisfies the triple-
wise value-restriction proposed by Sen (1966). The DEA-WEI model with majority preference (DEA-
WEI-MAJOR) will be discussed in the case of no preference reversal (cyclic preference).

DEA-WEI model with majority preference (DBXEI-MAJOR)

In this section, we will construct the DEA-WEI-MAJOR model in the case of no cyclic preference
(preference reversal). Mathematically, suppose there are n DMUs to be analyzed. Each DMU has m
indicators with only outputs data (or inputs), which are denoted by the 13 S vectors
Y, = ( Vi Yo )", j 4,..., nrespectively. All the value of these indicators is not negative and at least

one is larger than zero, i.e., Yj 20,] 4,...,n.DMU; is the DMU to be evaluated and denoted by Y, .

We first introduce the triple-wise valuerestriction proposed by Sen (1966) into DEA framework. As
shown by Sen (1966), the condition of triple-wise valuerestriction requires that, for every triple of
alternatives X, Y, Zr W, there exists one alternative in {X, Y, Z} and one rank rr {1, 2, 3} such that no
individual ranks that alternative in r™ place among X, Y, and Z. For instance, all individuals may agree
that Y is not bottom (r=3) among X, Y, and Z. The triple-wise value-restriction suffices for transitive
majority preferences in voting system. The proof can be found in Sen (1966), Miller (2000) and Elsholtz
and List (2005). In this paper, this condition is also called the triple-wise value-restriction.
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If we treat each attribute as a member of group in voting system, we can have the triple-wise value-
restriction in DEA framework to ensure that there is no cyclic preference under majority preference, i.e.,
for every DMU; (j=1, 2, or 3) and k (k=1, 2, or 3), DMU; will never be ranked at the position k on any
attribute, where DMU; (j=1, 2, and 3) denote the three DMUs selected from all DMUs arbitrarily.

Lemma 1. If there is a cycle over k DMUs (3¢ k @m) in the majority preference ordering, then there is
also a cycle over three DMUs in that ordering. The proof is omitted.

Theorem 1. The triple-wise value restriction suffices for transitive majority preference. The proof is
omitted.

If these n DMUs satisfy the triple-wise value restriction in Theorem 1, we can construct DEA-WEI-
MAJOR model to measure their performance, which is shown as following model (1). Model (1) is

equivalent to the following model (2), where H denotes the major cone with vertex in space R™. From
the definition of H, we know that the equivalent form of Model (2) as following Model (3).

Maxg Maxg max g
& .l e : ér an 0
jal/Yim & @ 1€ (/JYj'(dn)\G) lH(Z) 1@59”833./;34,—' %, 920(3)
st :l sti!? i sti = r?‘ : -
%é_/J:l,{ZO I é_/j=1,{20 % a/,=1/ =
j=1 f = | =1

We can define the reciprocal of the optimal objective value (1/ q*) of Model (3) as the performance score

of DMU,. Although Model (3) is essentially a nonlinear programming, we can still use existing
mathematical programming software (e.g., Lingo 10) to solve this model. Here we can give the following
theorems to show the features of Model (3).

Theorem 2.In Model (3) there exists the case in which the performance scores of all DMUs are less than
a unity. The proof is omitted.

Theorem 3. If there exists a DMU whose value(s) of at least gm+1)/2 attribute(s) is(are) the
maximal respectively among these n DMUJs, its optimal objective value in Model (3) must be a unity,

where gm+1)/2 gives the largest integer less than or equal to (m+1)/2. The proof is omitted.

Some further discussions

As we showed above, the DEA-WEI-MAJOR model is discussed in the case of no preference reversal
(cyclic preference). If there exists cycle among DMUs under majority preference, the results obtained
from DEA-WEI-MAJOR is not compliant with the results of pairwise comparison. Similar to Condorcet
method in voting system, there is no fair and deterministic resolution intuitively to rank the DMUs in a
cycle from best to worst and vice versa without violating the results of pairwise comparison. In order to
deal with the case of cyclic preference, we give the following definition:
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Definition 2: We define that the performances of DMUs on a cycle are the same.

According to Lemma 1, we know that if there is a cycle over k DMUs (3¢ Kk @m) in the majority
preference ordering, then there is also a cycle over three DMUs in that ordering. We can easily know that
if there is no cycle over arbitrary three DMUs among m DMUs in the majority preference ordering, there
is no cycle over k DMUs (3 ¢ K @m) in that ordering. Therefore, in the process of checking that whether
or not the observations satisfy the triple-wise value-restriction, we can eliminate the other two DMUs on
the cycle over three DMUs from the dataset except one DMU. Thus we can ensure that there is no cycle
over the remaining DMUs. Thus we can use DEA-WEI-MAJOR model to evaluate these remaining
DMUs. Until then, we can have the full ranking of all DMUs.

RESULTS AND DISCUSSIONS

In this section, we carry out a pilot study on applying the new DEA-WEI-MAJOR model to evaluate the
publications of 23 countries/territories on 21 disciplines’ of Essential Scientific Indicators (ESI) from
Thomson Reuters. We use the numbers of SCI papers in these 21 disciplines to denote their capacities of
publications, i.e., the 21 indicators refer to the number of SCI papers of each discipline respectively. We
select 23 countries/territories whose numbers of SCI papers in each disciplines are all at Top 40 among
those of all countries/territories respectively. We also use the triple-wise value-restriction in Theorem 1 to
check this case. There is no cyclic preference found in this example. That means that we can use DEA-
WEI-MAJOR to aggregate these indicators to rank their capacities of publications of these 23
countries/territories. Next, we use Model (3) on this dataset to obtain the assessment scores of publication
in 21 disciplines of these countries and territories. We can obtain the reciprocal of the optimal objective
value in Model (3) as the assessment score of each DMU. Please see Table 1 for details.

Table 1: Assessment®ores 0f23 countries/territories.

Country/Territory Assessment scores  Ranking Country/Terri tory Assessment scores  Ranking
USA 1.0000 1 SOUTH KOREA 0.0738 13
PEOPLES R CHINA? 0.2613 2 BRAZIL 0.0665 14
GERMANY 0.2410 3 SWITZERLAND 0.0634 15
ENGLAND 0.2206 4 SWEDEN 0.0584 16
JAPAN 0.1999 5 BELGIUM 0.0521 17
FRANCE 0.1788 6 POLAND 0.0503 18
ITALY 0.1552 7 TAIWAN 0.0430 19
CANADA 0.1511 8 TURKEY 0.0421 20
SPAIN 0.1460 9 SCOTLAND 0.0344 21
AUSTRALIA 0.1045 10 DENMARK 0.0328 22
INDIA 0.0969 11 MEXICO 0.0307 23
NETHERLANDS 0.0821 12

CONCLUSIONS

In many applications, there are no explicit input data available. In this case, DEA-WEI models are
proposed to measure the performance of DMUs. Pareto preference is implied in existing DEA-WEI

! Note: There are 22 disciplines in Essential Scientific Indicators (ESI). Multidisciplinary is excluded in this paper
because it is not a real discipline.
% Note: PEOPLES R CHINA does not include Taiwan here because of the statistical criteria of ESI database.
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models. In this paper, we propose a new type of DEA-WEI model, denoted by DEA-WEI-MAJOR
model, in which majority preference is implied in the case that there exists no cyclic preference. This new
model can measure the performances of DMUs and rank them based on the assessment scores when the
preference of DMs satisfies majority preference. In such evaluation practices, majority preference is often
used as the basis of evaluation, such as majority of disciplines for the evaluation of research organizations
or two-out-of-three or three-out-of-five wins in sports competitions.
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ABSTRACT

It is an obvious fact that, players plays a@edms wins. Data envelopment analysis is used to evaluate the efficiency

of basketball players in Turkey for the 262@13 season. Evaluated efficiency scores are grouped according to
teams for obtaining team performance. Soon, these performances aréouskee comparison between average
efficiency and original league rank. It is also tested whether there is a difference between the teams in terms of
efficiency scores. The degree of difference shows the heterogeneity of league and means only a sutegnoup o

can be champions and the other teams are dummy. The degree homogeneity of league indicates the level of
competition.

Keywords: DEA, Basketball, Team Performance, Player Performance, Statistical Tests

INTRODUCTION

Data Envelopment Analysis (DEA) is a classical efficiency measurement tool used to measure the
performance of input output structures. after the intial study of Charnes et al. (1978), in a few years later
Bal & Golciikcu (2011) informed that nearly 7000 studies made about DEA. Recently, it is almost
10000. Despite of this amount of work, DEA studies in sport is relatively limited.

In a brief search in article bases we can only reach about 40 studies when our research term is sport and
only four papers available if the research term is directly basketball. Fizel and D'ltri (1997, 1999) tried to
estimate the managerial efficiency in the field of basketball and Cooper et al. (2009) and Cooper et al.
(2011) concerned weights of DEA model and used basketball players as an example.

It is an obvious fact that, players plays and teams wins. Data envelopment analysis is used to evaluate the
efficiency of basketball players in Turkey for the 2012-2013 seasons. For reflecting players’ performance
from group of inputs and outputs, a restrictions added model is proposed which is based on CCR model.
Thereafter, evaluated efficiency scores are grouped according to teams for obtaining team performance.
Soon, these performances are used for the comparison between average efficiency and original league
rank. It is also tested whether there is a difference between the teams in terms of efficiency scores. The
degree of difference shows the heterogeneity of league and means only a sub group of team can be
champions and the other teams are dummy. The homogeneity degree of league indicates the level of
competition.

METHODS

As mention DEA is a classical efficiency measurement tool and detailed information could be found in
any of so called textbooks. Charnes et al.(1994), Cooper et al.(2007) , Zhu (2009), Cooper €t al. (2011).
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Other than classical CCR model, an additional set of constraints added to CCR model as shown below for
achieving our purposes.

Clasicall CCR: Proposed Model:

Maxw =g m Yy, Maxw, =g 1y,

st st

ani)% =1 éni&o =1

amy;- am © amy;- am ®

m2 e MYy - QX ©

m: e m2e,y ?e

j=1..n j=1..n;r 4,..p;i E.m
r=1..p k,s¢ min{ p n}

i=1..m

Expectations from the proposed model:

The proposed model looks similar to Cook at al. (2012) but the idea and expectations from the solutions
and results are a little bit different, The main difference from the Cook at al. (2012) is we are selecting a
subset of inputs and outputs which are closely related each other and add these as new constraints. Rather
than the nature of data we are omitting some variables in these additional constraints. Thus, our model
restricts the efficient frontier with its newly added constraints, so;

1- Our model makes one to one correspondence with inputs and outputs.
2- Moreover, forces DMUs to not exceed its related input.
As an explanation;

9 2-point shooting success is pointless to be evaluated according to the 3-point shot and our model
separates the evaluation of 2-point shooting success from 3-point or other shots. This idea could be
extended to other shots similarly.

9 As an addition, on the other hand, any players the succeeded 2-point shot could not exceed its self-
total number of 2-point shots.

Consequently, our proposed model not only makes one to one correspondence with inputs and outputs but
also provides the DMU’s performances evaluated with its own scale and the model is also scale invariant.
Additionally, the added new constraints also prevent the solution from triviality. Also it would be
expected an improvement in weights and target setting.

DATA

The data is provided from Turkish Basketball Federation web site. It is about the basketball players of
BEKO Basketball League in Turkey for the 2012-2013 seasons.
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The entire data set contains 16 club and 250 players. Some of the players do not have enough data for
being in the analysis so; they are excluded from the data. The exclusion criteria is;

1- The players who have at least one zero input directly excluded from the data,

2- Additionally in the second phase the player that has more than 4 zero output excluded from the
analysis.

After the exclusion process 191 players left.

Variables

The Turkish Basketball Federation publishes the data of players under 19 different headings as shown
Table 1. The table also shows the variables which we include to our analysis.

Table 1: Variables of the data

Data Headings Included into data sets as variable Decided as
Match Played X Input
Time Played X Input
Total Point

2 point succeeded X Output
2 point tried X Input
2 point achievement %

3 point succeeded X Output
3 point succeeded X Input
3 point achievement %

1 point succeeded X Output
1 point tried X Input
1 point achievement %

offensive rebounds X Output
defensive rebounds X Output
Total rebounds

Asists X Output
Blocks X Output
Steals X Output
turnovers X Input
Fauls Made X Input
Models:

In order to fully reflect the success of players and teams 13 different models given in table 2. evaluated
which includes different input output combinations. The first 11 model includes our additional constraint
but the last two model (M11 and M12) do not include proposed constraint because of the omission of
shots from the model.

Table 2: Models and variables

REDUCED MODELS

Variables MO M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12
# 1 point succeeded {O1} S 3 XXX X X X X X X X X
# 2 point succeeded {O2} O5™ v x X X X X X x x x x




# 3 point succeeded {03} X X X XXX X X X X

Offensive Rebound {O4} X X X X X X X
Defensive Rebound {O5} X X X
Asist {O6} X X X X X X
Block {O7} X X X
Steals {O8} X X X
# 1 point tried {11} X X X X XXX X X X

#2 point tried {12} X X XXX X X X X X

# 3 point tried {13} @ X X X X XXX X X X

Match played{14} = X X X X XXX X X
Total time played/second {I5} = X X X X X X X X X X
Turnovers{l6} X X

Fault Made {17} X X

(6]
SN
SN
SN
N

#(Inputs) 7 3 4 4 5 5
#Outputs) 8 3 3 3 3 5 4

A~ o
~ b
IS
IS
[¢;]
[¢;]

RESULTS AND DISCUSSIONS

When our proposed model compared to classical DEA model, it can be seen in the table 3a and table 3 b
that there are some units whose efficiency score is greater than unity exist in classical DEA models,
conversely our proposed model only have one unit in M8. Hence, our proposed model stabilizes the
efficiency scores against fluctuations which could be caused by model or computer computations.

Table 3a.Efficiecny Results (the number of efficent DMUs irnClasicall CCR models)

Clasical CCR MO M1 M2 M3 M4 M5 M6 M7 M8 M9 MI10 M1l M12
Eff. Score >1 31 11 16 14 18 23 26 22 21 15 19 9 6
Eff. Score =1 1 0 0 1 1 0 1 0 1 1 1 0 0
Eff. Score> (1-10™) 32 11 16 15 19 23 27 22 22 16 20 9 6
Eff. Score> (1-10™9) 87 24 41 33 39 54 52 55 51 43 49 21 11
Eff. Score>(1-10") 140 38 56 51 58 9% 79 76 76 66 67 37 20
Eff. Score> (1-9x10°%) 144 38 58 51 60 97 81 78 78 67 68 38 20
Eff. Score>0,999=(1-x10"%) 144 38 58 51 60 97 81 78 78 67 68 38 20
Eff. Score>0,99=(1-10") 148 43 62 58 67 106 8 89 80 74 77 41 20
Eff. Score>0,9 174 101 118 112 120 148 137 134 131 129 129 60 29

Table 3a. Efficiecny Results (the number oéfficent DMUs in proposed models)

Proposed Model MO M1 M2 M3 M4 M5 M6 M7 M8 M9 MI10
Eff. Score >1 0 0 0 0 0 0 0 0 1 0 0
Eff. Score =1 23 0 0 0 0 13 3 4 1 2 5
Eff. Score> (1-10™) 23 0 0 0 0 13 3 4 2 2 5
Eff. Score> (1-10™%) 69 3 2 3 3 25 11 19 13 9 13
Eff. Score>(1-10°°) 104 5 5 4 5 40 18 22 19 13 22
Eff. Score> (1-9x10°) 104 5 5 5 5 40 20 23 20 15 23
Eff. Score>0,999=(1-x10"%) 104 5 5 5 5 40 20 23 20 15 23
Eff. Score>0,99=(1-10) 108 6 6 6 6 42 22 24 22 11 24
Eff. Score>0,9 153 18 18 18 18 8 51 54 50 45 53
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Comparison of teams

Kruskal-Wallis test results of the teams are showing us that they are different in terms of offensive
abilities.

Table 4: Comparison of Teams according to efficiecny scores

Null Hypothesis Sig. Decision
The distribution of MO is the same across categories of Teams . 0.27 Retain the null hypothesis
The distribution of M1 is the same across categories of Teams . 0.03  Reject the null hypothesis.
The distribution of M2 is the same across categories of Teams . 0.03  Reject the null hypothesis.
The distribution of M3 is the same across categories of Teams . 0.04 Reject the null hypothesis.
The distribution of M4 is the same across categories of Teams . 0.02 Reject the null hypothesis.
The distribution of M5 is the same across categories of Teams . 0.11 Retain the null hypothesis
The distribution of M6 is the same across categories of Teams . 0.23  Retain the null hypothesis.
The distribution of M7 is the same across categories of Teams . 0.02 Reject the null hypothesis.
The distribution of M8 is the same across categories of Teams . 0,21 Retain the null hypothesis.
The distribution of M9 is the same across categories of Teams . 0.07 Retain the null hypothesis.
The distribution of M10 is the same across categories of Teams . 0.03 Reject the null hypothesis.
The distribution of M11 is the same across categories of Teams . 0.33 Retain the null hypothesis.
The distribution of M12 is the same across categories of Teams . 0.74 Retain the null hypothesis.

Comparison with league results

The average team efficiencies of evaluated models and league results are as in table 5. The correlation of
end of season points and average efficiency results between teams and proposed models were examined.
The results displayed us that our proposed MO model that includes all the variables is significantly
correlated with league results. The degree of correlation is %54. Moreover, the correlation results also
show that, M12 model which did not have any additional constraints due to exclusion of offensive
variables is also highly correlated with league results and its degree is %65. This indicates that the effect
of individual player performance to team performance is limited and basketball is a team game with not
only offensive abilities but also defensive abilities.

Table 5: Leagle results and avarage team efficiency results

Team point MO M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12
Galatasaray Medical Park 57 0% o8 08 08 07 09 081 08 08 08 085 084 0,71
Anadolu Efes 55 09 082 082 0,77 082 092 08 089 085 085 0,8 0,88 0,77
Banvit 55 0% 082 082 082 082 091 088 087 087 088 08 0,77 0,69
Fenerbahce Ulker 54 097 083 083 083 083 08 08 087 084 084 087 081 0,7

Pénar Karkéyakzed3 09% 0,75 07 0,75 075 092 086 084 086 085 084 0,79 0,68
Beki kt ak 49 097 o8 08 08 069 08 083 08 083 083 085 0,8 0,73
TED Ankara Kolejliler 48 09 0,78 0,78 0,78 0,78 088 08 086 08 0,79 086 0,76 0,71
Tof ak 42 09 o078 0,78 0,78 0,78 086 083 084 082 083 084 0,72 0,66
Roy al Hal é Gazi42 09 085 08 0,78 08 091 087 089 087 086 089 0,76 0,67
Erdemir 41 092 0,72 072 0,72 072 081 078 0,75 0,77 0,76 075 0,76 0,68
Al i ajJa Petkim 39 09 0,77 0,77 0,71 0,77 086 081 082 081 08 082 0,75 0,68
Mersin BkB. 38 09 o078 07 0,78 0,78 088 083 083 083 082 083 0,75 0,7

TURK Telekom 38 0% 0,79 0,79 0,79 0,79 091 o083 087 083 083 08 0,73 0,63
Olin Edirne 38 092 07 07 0,7 071 083 08 0,73 08 0,72 078 063 0,56
Hacettepe Univ. 36 094 0,73 073 068 063 083 079 0,77 079 0,78 0,77 0,77 0,72
Antalya BkB. 35 09 081 081 081 081 093 091 086 091 09 086 0,77 0,69
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The model's contributions to the literature and discussion
Our model;

9 Restricts the efficient frontier with its newly added constraints
9 Also makes one to one correspondence with inputs and outputs.
1 Forces DMUs to not exceed its related input

9 Decreases the fluctuation of efficiency results

Additionally;

9 Basketball is a team game and individual performance affects team performance limited.
Moreover, the test of efficiency results state that, the offensive abilities of team are different and
the teams are closing this efficiency gap by defensive abilities

1 One or more new variable(s) that have not been measured before should be defined and/or
introduced due to the gap between efficiency results and league results
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ABSTRACT

In this study, based on the Data Envelopment Anafizid\) methodology, we calculater 20062010 period, the
economic efficiency of the ten major international ports in Mexico: Ensenada, Mazatlan, Manzanillo, Lazaro
Cardenas , Altamira , Tampico, Tuxpan, Veracruz, Progreso and Puerto Mareladirst step, we determine the
global technical ef€iency, which is the product of the calculation of the pure technical efficiency and scale
efficiency. In a second step, we consider the efficiency of input costs for allocative efficiency. Finally, from the
global technical efficiency and allocative eféincy, the eonomic efficiency is obtaine@he results show that in
general between 2000 and 2010, most of the ports were characterized by low levels of economic efficiency.
However, it is important to note the following points: Manzanillo, Altamira dachcruz were efficient in a larger
number of periods, while the port of Tuxpan was ranked as the most inefficient in two periods; whereas, Puerto
Morelos and Progreso, while having a favorable performance in pure technical efficiency, in terms o€étsoallo
efficiency are not necessarily in the same direction.

Keywords:Economg efficiency, DEA, Mexico ports

INTRODUCTION

The national port system plays an important role in the competitiveness of foreign trade, as it is a major
center of economic and social development, and is an essential point of connection between sea, road and
rail. In 2013, the Mexican ports handled 287,912,406 tons of various products and container traffic moved
4,892,881 TEUs", on both coasts

Ports are complex organizations where operators interact, developing diverse activities, having different
objectives and for that reason they are subject to different levels of competition and regulation. Therefore,
it is not convenient to analyze the port globally; it is preferable to focus the study on a specific activity,
which should be clearly defined.

The activities most analyzed are developed by port authorities, and terminal cargo handling mainly by the
container. Therefore, this study aims to determine the technical, allocative and economic efficiency of
container terminals in major ports in Mexico in the period 2000-2010, using the methodology of Data
Envelopment Analysis (DEA).This research considers the hypothesis that allocative efficiency
determined the economic efficiency of container terminals in the ports of Mexico during the period 2000-
2010.

! Twentyfoot Equivalent Unit
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METHODS

Efficiency analyzed under the nonparametric method of Data Envelopment Analysis (DEA) was initiated
by Farrell (1957) and reformulated as a mathematical programming problem by Charnes, Cooper and
Rhodes (1978). Given a number of production units, which are Decision Management Units (DMU), an
efficiency frontier sample of production units is constructed. The method allows us to determine the
relative efficiency of ports and thus examine its position relative to the optimal situation.

Technical Efficiency.

The study of Farrell (1957) is supplemented by the work of Charnes, Cooper and Rhodes (1978), which
started from CRS constant returns to scale, so that a change in the levels of inputs leads to a proportional
change in the level of output, which requires many optimizations as decision units (DMU). It can be
written in general terms in 3 ways: fractional, multiplicative and envelope. The input-oriented measures
focus on reducing the amounts of inputs in production, while maintaining the number of outputs. The
CRS model is as follows:

b QE —
st . 0,0 —&,_ T

Where _ is the vector of relative weights (Nx1) given to each DMU and N is the number of DMUs.
Assuming that the DMUs have | inputsand O outpus: X represents the matrix of outputs (O x N).

The column vectors for the inputs and outputs for each DMU are represented as ¢ and &

Later, Banker, Charnes and Cooper (1984) extended the original model to include variable returns to scale
(VRS). Whereas various circumstances such as imperfect competition, restrictions on access to funding
sources, etc, may cause the units not operating at optimal scale and modifying the linear program so that
enter a convexity constraint. To differentiate it from the previous model it is called variable returns to
scale (VRS), being the input oriented model as follows:

0 0 —

Where _ is the vector of relative weights (Nx1) given to each DMU and N is the number of DMUs.
Assuming that the DMUs have | inputsand O outpus: X represents the matrix of outputs (O x N).

The column vectors for the inputs and outputs for each DMU are represented as & and &

The allocative efficiency of inputs

According to the proposal of Farrell, allocative efficiency of inputs is obtained in two stages, first the
technical efficiency is determined as shown in the preceding paragraphs; then required to calculate cost
efficiency, introducing prices for inputs. Using DEA with constant returns, 6 is the lowest cost at which
a DMU can produce and is solved with the following model is calculated (Thanassoulis, 2001):

6 008 UV w:
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Where: j are the DMUs, @ are the inputs, w are the outputs, 0  are the prices inputs.

Finally allocative efficiency index is calculated as the ratio between cost efficiency and technical
efficiency

AE= o hw

5 =

Overall or Economic efficiency

The overall efficiency, also called economic efficiency, and is the length of the line from the origin to the
point representing the considered unit. Thus the Economic efficiency of the unit "D" So the Economic
efficiency is the product of technical efficiency and allocative efficiency.

Model Development

It is proposed to develop a model with constant returns to scale (CRS) and variable returns to scale (VRS)
oriented input, that is optimization of inputs which are reduced as much as possible to be more efficient
because they are intended to minimize inputs and their prices corresponding to a given amount of outputs.

The DMU'S that are used are the International Ports of Mexico that handled containerized cargo during
the period 2000-2010. The ports included are ten: Ensenada, Mazatlan, Manzanillo, Lazaro Cardenas,
Altamira, Tampico, Tuxpan, Veracruz, Progreso and Puerto Morelos. To each of the previously selected
input, they are associated with a "price" so that it can estimate the optimal cost regarding the observed
cost.

To calculate the scale efficiency, pure technical efficiency and overall technical efficiency the following
inputsand outputswere used: Inputs: Surface, number of employees, number of cranes. Output: Number
of TEUs annually mobilized.

To calculate the cost efficiency of inputs the following prices were used: a) Amortization and
maintenance of surface container terminal b) wages of workers in the container terminal and c)
maintenance and depreciation of cranes.

For data that model the production function to different sources are resorted : Statistical Yearbooks of
ports in Mexico, in 2000, 2005 and 2010 in the section Container Movement of the General Coordination
of Ports and Merchant Navy, SCT. As well as each of the port development plans of the selected periods.

RESULTS AND DISCUSSIONS

In 2000, the results of technical, scale, allocative and economic efficiency were very low. The ports of
Manzanillo and Veracruz were the most efficient ports and at a slightly lower level is Tampico, in
contrast Ensenada was the port that presented the lowest efficiency (see Table 1). 60% of the container
terminals were found to be technically inefficient and this was due to having too much inputs or they are
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not properly exploited, to the number of containers that move annually; it is also reflected in the results
of the efficiency scale where most ports are producing on a size scale that is not optimal.

Table 1. Overall Efficiency of Mexican Ports 2000

Pure Global

Scale Technical Technical Allocative Economic
Port Efficiency Efficiency Efficiency Efficiency Efficiency
Ensenada 0.3551 0.31 0.11 0.478 0.053
Mazatlan 0.1568 0.5 0.0784 0.743 0.058
Manzanillo 1 1 1 1 1
Lazaro Cardenas 0.0123 0.4 0.0049 0.85 0.004
Altamira 0.0686 0.407 0.0279 0.677 0.019
Tampico 1 1 1 0.934 0.934
Tuxpan 0.8316 0.841 0.6995 0.825 0.577
Veracruz 1 1 1 1 1
Progreso 0.9909 1 0.9909 0.568 0.563
Puerto Morelos 0.1802 1 0.1802 0.503 0.091

Source: Personal compilation based on DEA results.

In 2005, the ports generally received a reduction in its levels of efficiency, with the exception of
allocative efficiency, since 70 % of the container terminals obtained results above 0.8, representing
greater ability of ports to combine the inputs in optimal proportions according to their prices. The ports of
Manzanillo and Altamira were efficient in all aspects- scale efficiency, pure technical efficiency, global
technical efficiency and allocative efficiency and economic efficiency- for this year. Veracruz unlike
2000, only reached a value of 1 in pure technical efficiency for 2005, their other efficiencies showed a
slight reduction in relaron to its optimum value( see Table 2).

Table 2. Overall Efficiency of Mexican Ports 2005

Pure Global

Scale Technical Technical Allocative Economic
Port Efficiency Efficiency Efficiency Efficiency Efficiency
Ensenada 0.343 0.4097 0.1406 0.8183 0.1151
Mazatlan 0.161 0.5 0.0805 0.3643 0.0293
Manzanillo 1 1 1 1 1
Lazaro Cardenas 0.6196 0.3268 0.2025 0.8224 0.1665
Altamira 1 1 1 1 1
Tampico 0.0067 0.6944 0.0046 0.872 0.004
Tuxpan 0.0002 0.8971 0.0001 0.9782 0.0001
Veracruz 0.9659 1 0.9659 0.9972 0.9632
Progreso 0.8934 1 0.8934 0.6774 0.6052
Puerto Morelos 0.0782 1 0.0782 0.7808 0.0611

Source: Personal compilation based on DEA results

Finally, in 2010, the ports generally operated with a higher level of efficiency, again outstanding the ports
of Manzanillo, Altamira and Veracruz. The port of Lazaro Cardenas was increasing its efficiency levels
throughout the period, because their resources were used better also the input mix, achieving lower costs
and increasing production on a scale of increasingly optimal size. On the opposite side, the port of
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Tuxpan this year 2010 and in general throughout the study period had a reduction in all its efficiencies.
This was explained by underutilization of more than half of the surface and an excess of workers (see
Table 3).

Table 3. Overall Efficiency of Mexican Ports 2010

Pure Global

Scale Technical Technical Allocative Economic
Port Efficiency Efficiency Efficiency Efficiency Efficiency
Ensenada 0.4619 0.737 0.341 0.654 0.22262
Mazatlan 0.0939 1 0.094 0.622 0.05838
Manzanillo 1 1 1 1 1
Lazaro Cardenas 0.9071 0.825 0.748 0.973 0.72802
Altamira 1 1 1 1 1
Tampico 0.0477 1 0.048 0.712 0.03396
Tuxpan 0.0001 0.951 0 0.752 0.00008
Veracruz 1 1 1 1 1
Progreso 0.8325 1 0.833 0.588 0.48959
Puerto Morelos 0.0238 1 0.024 0.933 0.022196

Source: Personal compilation based on DEA results

CONCLUSIONS

This paper presents the methodology from DEA to measure technical, scale, allocative and economic
efficiency; a model is developed of Constant Returns to Scale and Variable Returns to Scale oriented to
input. An analysis is proposed for the period 2000-2010, of the container terminals of the ten international
ports of Mexico. Ensenada, Mazatlan, Manzanillo, Lazaro Cardenas, Altamira, Tampico, Tuxpan,
Veracruz, Progreso and Puerto Morelos. We chose as inputs the surface, number of workers and cranes
used in a container terminal and as output the number of containers annually mobilized.

The results show that in general the ports had low levels of economic efficiency, giving an average score
of 42 % throughout the period, which means that to be more efficient they should reduce costs by 58 %.
However, the port of Manzanillo stands out as efficient in all years reviewed. On the opposite side is
Tuxpan, which was decreasing its efficiency throughout the period.

The economic efficiency levels achieved by the ports are below the global technical efficiency, that is,
because it does not always reflect a minimization of costs, due to the inputs mixture used. That is, use of
certain proportions of the surface, the number of workers and the number of cranes can make a port
technically efficient, but not necessarily minimize production costs .

Most ports were technically inefficient, with an average value of 48% - because the ports have excess
inputs or poorly utilized-. It is therefore recommended to further optimize search resources, in some cases
replacing mechanical cranes with others which have a higher technology; in the case of workers, they
should have constant training and recruitment, and establish parameters so that there is no staff
underutilized. Is also necessary to develop strategies to increase the optimum production scale.

Allocative efficiency scored the highest with an overall average of 80 % in the period 2000-2010. This
means that unlike the overall technical efficiency is allocative efficiency that had more influence in
determining economic efficiency. So the hypotheses considered in this work is true.
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While the efficiency of prices has had the major role in determining the economic efficiency of container
terminals in the ports of Mexico, progress in strategies aimed at cost reduction and a better mix of inputs
in a key sector of the national economy, cannot be ignored.
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ABSTRACT

The paper presents the probabilistic extensions of apasametric benchmarking techniquez.viFree Disposal

Hull. Indeed, the frontier methods are rather sensitive to outliers. The probabilistic methodology, therefore, is useful
when handling the practical problems of benchmarking. The paper aimed at analysing the patterns of efficiency of
the Lithuanian family farms with respect to the uncertain data. The latter aim was achieved by the virtue of the
probabilistic production functions. The sensitivity of the efficiency scores estimated for the Lithuanian family farms
was analysed by manipulatinhe numbers of randomly drawn benchmark observations estimations and thus
constructing respective ordiem frontiers. The livestock farms appeared to be most efficient, or eveii effipant,
independently of the model orientation or the order of thetitonThe application of the ordealpha frontier did

also confirm these results.

Keywords efficiency; family farms; partial frontier; activity analysis

INTRODUCTION

The following circumstances stress the need for efficiency measurement in the agricultural sector. First,
the agricultural sector is related to voluminous public support. Second, a significant share of the rural
population is employed in the agricultural sector. This is particularly the case in Central and Eastern
European countries, where agricultural sectors are even more important for the local economies. The
measures of efficiency enable to describe the state of agricultural sector as well as identify the means for
improvement (Mendes et al., 2013).

The analyses of efficiency and productivity usually rest on the estimation of the production frontier. The
production frontier can be estimated via either the parametric or non-parametric methods or combinations
thereof. The non-parametric techniques are appealing ones due to the fact that they do not need the
explicit assumptions on the functional form of the underlying production function and still enable to
impose certain axioms in regards to the latter function (Afriat, 1972).

The deterministic non-parametric methods, though, feature some caveats. Given the data generating
process (DGP) of the observed production set is unknown, the underlying production set also remains
unknown. Therefore, the efficiency scores based on the observed data—which constitute a single
realization of the underlying DGP—might be biased due to outliers. As a remedy to the latter
shortcoming, the statistical inference could be employed to construct the random production frontiers.

The partial frontiers (also referred to as the robust frontiers) were introduced by Cazals et al. (2002). The
idea was to benchmark an observation not against all the observations dominating it but rather against a
randomly drawn sample of these. This type of frontier was named the order—m frontier. The latter
methodology has been extended by introducing the conditional measures enabling to analyse the impact
of the environmental variables on the efficiency scores (Daraio, Simar, 2005, 2007a, 2007b). Wheelock
and Wilson (2003) introduced the Malmquist productivity index based on the partial frontiers. Simar and
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Vanhems (2013) presented the directional distance functions in the environment of the partial frontiers.
The order—m frontiers have been employed in the sectors of healthcare (Pilyavsky, Staat, 2008) and
finance (Abdelsalam et al., 2013) among others.

The order—@ frontiers were introduced to define the benchmark by setting the probability of dominance,
1- a. It was Aragon et al. (2005) who introduced the concept of the order—& frontiers in a (partially)
univariate framework. Daouia and Simar (2007) further developed the latter concept by allowing for the

multivariate analysis. Wheelock and Wilson (2008) offered an unconditional measure of the & —
efficiency.

The object of the research — Lithuanian family farms reporting to the Farm Accountancy Data Network.
The aim of the research — to analyse the efficiency of the Lithuanian family farms by employing the
partial production frontiers. Research methods — the partial frontier methodology was employed for the
research. Specifically, order—mand order—& frontiers were applied for the analysis. The kernel estimates
of the densities of the efficiency scores were also used.

METHODS

Cazals et al. (2002) and later on Daraio and Simar (2005) introduced the probabilistic description of the
production process. The latter approach is of particular usefulness for estimation of the robust frontiers.

The production process, thus, can be described in terms of the joint probability measure, (X’Y) on
AP 3 A This joint probability measure is completely characterized by the knowledge of the probability

function Hixv (O) defined as:

Hy (X y) =Pr(X ¢xY 2 1)

The support of Hxv (O) is T and v (X’ y) can be interpreted as the probability for a DMU operating

at (X’ y) to be dominated. Note that this function is a non-standard one, with a cumulative distribution
form for X and a survival form for Y.

In the input orientation, it is useful to decompose the joint probability as follows:
Hy (X y)=Pr(X ¢xY 2yPr(Y ¥
:FXIY(le)SY( 9 (2)

where the conditional probabilities are assumed to exist, i. e. S ( y) >0 .
The input-oriented efficiency score, q(x, y) , for (X' y)I T is defined for yl SY( ” 20 as:

g(xy)=inf{ 4R, ( xy) B B 1B xy o ®
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In the latter setting, the conditional distribution Fuv (C])y) acts as the feasible set of input values, X, for a
DMU exhibiting the output level y. Given the free disposability assumption, the lower boundary of this
set (in a radial sense) renders the Farrell-efficient frontier.

x|y)

A non-parametric estimator is obtained by replacing Py (

A 1(X exY, 2y

by its empirical version:

|£X|Y,K(X|y): o K
a k=l| (Yk 2 y) (4)
where ! (()) is the indicator function.
PARTIAL PRODUCTION FR ONTIERS
It is due to Cazals et al. (2002) that the FDH estimator of the input efficiency is given by:
Gron (X’ y):inf{ Cy( )(730 I':EDH} h-'lf{ | EW,K( X 9 O} (5)

The latter estimator, however, is deterministic one and therefore assume that all the observations

. . Pr((x.,y)l T) = _
constitute the underlying technology set, namely ((Xk y") ) . Therefore, these estimators are
sensitive to the outliers as well as the atypical observations, which can affect the lower boundary of

S . o
X|Y'K( |y). As a remedy to the outlier problem, Cazals et al. (2002) suggested considering the

X
expected value of m variables { '}|=1,2, »m randomly drawn from the conditional distribution
FX|Y,K(X| y) FX|Y,K(X| y)

benchmark.

(hence the term orderi M frontier) rather than the lower boundary of as the

Specifically, the input order— M frontier is estimated via the following procedure (Daraio, Simar, 2007b):

{XI}|

conditional p-variate distribution function, Fav (X| y)’ and obtain the random production possibility set

For a given level of output, y, we consider mi.i.d. random variables, =12, »m - generated by the

of order M for DMUs producing more than y.
T.(={(xy) I &1 X &y ¢I12., (6)
Then, the order— M input efficiency score is obtained as:

an(x V) =Eu(ax Y1V 2y ™

138



Gn(x ) =inf{ 4( gy) 1T,( Y}

with and XV being the expectation relative to the distribution

Fuav (pr . Given the order—M frontier might not include the observation under consideration (i. e.

(xy)i T 1]

), the input Farrell efficiency scores are no longer bounded to the interval [0’ and can

exceed the unity. As M- 2 'however, T T with qm(x, y) ) 4x ” , though only the asymptotic

convergence is maintained.

The order-m estimates of efficiency can be obtained by employing a univariate integral or a Monte Carlo

procedure (cf. Daraio, Simar, 2007b). The present study used B=200 55 the number of bootstrap
replications. The FEARpackage (Wilson, 2008) was employed to implement the discussed measures.

It is due to Aragon et al. (2005), that the definition of the efficiency score given by Eq. 3 is based on the
order one quantile of the laws of X given y¢ Y. Naturally, they proposed a concept of production

function of continuous order & ! (0’1]. Note that the concept of the order—m frontier (Cazals et al., 2002)

is related to the discrete parameter, m. The parameter (1-a) 100% thus indicates the probability that a

certain observation is dominated by those producing at least the same amount of outputs (resp. using at
most the same amount of inputs) even after the inputs (resp. outputs) are contracted (resp. augmented)
with respect to the production frontier. Indeed, the underlying production frontier remains unaltered,
whereas the order—m frontiers are defined in terms of the randomly drawn samples.

Daouia and Simar (2007), therefore, introduced the order—& conditional efficiency measures for multi—

input and multi—output technology. The @ —quantile input efficiency score for the DMU (X’ y)I T is
defined as:

g, (xy)=inf{ 45, ( 4y 1 -} ®

where y is such that S(y>0 and 4 ! (0’1]. Similarly, the @ —quantile output efficiency score for the

DMU (X' y)I T is defined as:

/a(X,Y)=SUp{ /|S(|><( ] )) 3 _}, (9)

where X is such that Fc(X)>0 and al (0’1].

~ A

q

- . / . .
Note that the empirical estimators, ~ @™ and 2", converge to the associated FDH estimators as € - 1
The FEAR package (Wilson, 2008) was employed to obtain the quantile—based efficiency measures.

RESULTS AND DISCUSSIONS
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The farm level data from Farm Accountancy Data Network (FADN) were used for the analysis
(Lithuanian Institute of Agrarian Economics, 2010). The sample covered years 2004—2009 and contained

1200 observations ( K =1200,

The order—m frontier was established for input—oriented models. A set of different values of m was

constructed: m={25,50,100,250,400,500,600,750,1000}. By altering the value of m one can

compute the share of the observations lying outside the production frontier, whether input— or output—
oriented one.

The share of observations lying outside the order—m input frontier was related to the order of the frontier,
m. For the small values of m, almost all of the observations were left out for irrespectively of the farming
type. The shares of the observations outside the production frontier, though, steeply diminished with m
increasing up to the value of 400. Note that the value of mindicates how many values of inputs are drawn

to estimate the expected level of efficiency. For m? 400, only the share of the livestock farms outside
the production frontier continued to decrease to a higher extent, whereas those associated with other
farming types virtually remained stable. Specifically, some 35%, 60%, and 45% of the crop, livestock,

and mixed farms respectively fell outside the production frontier at M= 400, These values are quite high
and imply that some sort of statistical noise is present in the data. By further increasing mup to 1000, we
observed the decrease in shares of the crop, livestock, and mixed farm observations outside the
production frontier down to 28%, 47%, and 39% respectively. These figures resemble the proportions of
the noise data in the whole dataset. Furthermore, the observations associated with the livestock farming
can be considered as atypical ones in terms of the data set under analysis.

The following Table 1 reports the mean efficiency scores for the input—oriented models. Note that the
latter results are the Farrell measures (cf. Eq. 7).

Table 1. The mean input Farrell efficiencies at different values of m

m Crop farms Livestock farms Mixed farms
25 1.17 1.41 1.36
50 1.06 1.27 1.20
100 0.97 1.15 1.09
250 0.89 1.04 0.99
400 0.86 1.00 0.85
500 0.85 0.98 0.93
600 0.84 0.97 0.92
750 0.83 0.96 0.91
1000 0.82 0.95 0.89

The input—oriented Farrell efficiency scores below unity indicate that a certain farm should reduce their
inputs by the respective factor. On the contrary, the order—m frontiers allow for efficiency scores
exceeding unity and therefore indicating that certain farms are super-efficient ones. For small ns, the
mean values of the input-oriented efficiency scores exceeded unity thus indicating that most of the
observations fell outside the production frontier. Anyway, the livestock farming remained the most
efficient farming type at all levels of m (see Table 1). The mixed farms exhibited slightly lower mean
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efficiency scores. Finally, the crop farms remained at the very bottom in terms of the mean efficiency
scores. Note that the mean efficiency scores did not vary with m for the input frontier orders exceeding
the value of 400.

As for the input efficiency scores, all the farming types featured the modal values close to unity.
Obviously, the livestock farms were specific with the highest concentration of the efficiency scores equal
or greater to unity. Accordingly, the mean efficiency score for the livestock farms was 1.01, i. e. an
average farm was super—efficient. The corresponding values for the crop and mixed farms were 0.91 and
0.98 respectively. The first quartiles for the crop, livestock, and mixed farms were 0.77, 0.95, and 0.87
respectively. Meanwhile, the third quartiles were 1.02, 1.08, and 1.54 in that order. The latter numbers
can be interpreted as the minimal factor to which top 25% efficient farms could increase their
consumption of inputs given their production level and still remain efficient ones. Although the most
efficient farms were the crop farms, they constituted rather insignificant share of the whole sample. Note
that the maximal efficiency exceeded unity. Therefore, we can even speak of super—efficiency at this
point.

The input—oriented measures of the order—@ efficiency were implemented to analyse the farm
performance with respect to different quantiles. These quantiles, indeed, enable to analyse the variation of

Al

the observed data and estimate the level of efficiency. Let % denote the input frontier (quantile) of the
arbitrary order @

The input frontiers were estimated for a :{0'8’0'85’0'9’0'95’0'99’0'995’0'999’1}. Note that %

coincides with the full-frontier FDH estimator. Indeed, the share of farms outside the production frontier

Al
did not decrease significantly for 0¢a ®.95 1his finding implies that the quantiles, Y% , associated
with the latter level of @ were rather tight and not perturbed by the outliers. In this region the crop farms
featured the highest share of the observations inside the production frontier (specifically, 17% at

a= 0-95), whereas the livestock farms were peculiar with the lowest one (2% at the same € —level). The
guantiles % with @2 0.95 were influenced by the outliers to a higher extent and thus enveloped higher
share of the observations. At @ :0-999, some 4%, 6%, and 16% of crop, livestock, and mixed farms
remained operating outside the production frontier. Therefore, the share of the specialized crop and
livestock farms diminished at a faster rate than that of mixed farms.

The mean efficiency scores were estimated for each farming types across various € —levels. Table 2
presents the results for each farming type.

Table 2: The mean input dficiency scores for different @ 7 levels

a Crop farms Livestock farms Mixed farms
0.8 191 2.39 2.51
0.85 1.74 2.16 2.24
0.9 1.55 1.94 1.95
0.95 1.33 1.65 1.60
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0.99 1.03 1.22 1.16

0.995 0.94 111 1.05
0.999 0.81 0.94 0.90
1 0.8 0.92 0.86

The results indicated that crop farming was generally less efficient if compared to the other farming types
for all values of @ . An average livestock or mixed farm was super—efficient (i. e. the mean efficiency

score exceeded unity) for @ ¢0-995, whereas the mean efficiency of crop farms exceeded unity at
a ¢0.99 The mixed farming was the most efficient farming type for @ ¢ 0.9 and the livestock farming

was the most efficient farming type for 4 20.99, Indeed, the difference between the mean efficiency
scores further increased as the values of @ approached unity. The crop farming remained the least
efficient farming type in terms of the mean efficiency scores for all values of € . The FDH estimates of

efficiency scores were obtained at a =1 The mean values were 0.8, 0.92, and 0.86 fort crop, livestock,
and mixed farms, respectively. These scores can be interpreted as factors of the input contraction required
to ensure efficiency, e. g. an average crop farm should contract its inputs by some 20%.

CONCLUSIONS

The livestock farms appeared to be most efficient, or even super—efficient, independently of the model
orientation or the order of the frontier. The crop farms exhibited the lowest mean efficiency as well as the
widest distribution of the efficiency scores. The latter finding might be attributed to the stochastic nature
of the crop farming.

The following directions can be given for the further studies: The partial frontiers of order —@ , can be
employed to analyse the farming efficiency. Both order—mand order—& measures should be implemented
alongside the Malmquist total factor productivity index to measure the changes in the total factor
productivity. Finally, each of the farming types could be analysed independently. The conditional
measures are also to be employed in order to analyse the determinants of efficiency.
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ABSTRACT

This paper utilizes data evolvement window analysis (L
using for the 1992011 period. Through a twdimensional matrix, the paper addresses tlabity and efficiency

of the Yemeni banking sector in order to assess it ab

banking industry experienced an overall declining trend and instability during the later segment of the sample
period. While the stateowned banks are lagging behind all banks, Islamic banks outperformed other banks,
followed by foreign banks. The study found that the majority of conventional banks were more stable, though
inefficient, whereas, Islamic banks are more effitiover time. The present study provides a base for regularity
bodies and bankers to assess the viability of the banking sector and propose policies to restructure and enhance the
industryds performance.

Keywords Efficiency, Stability, DEWA, Islamic basikconventional banks, Yemen.

INTRODUCTION

Yemen is considered one of least developed and poorest country in the Arabia Peninsular. As an
economy, Yemen has undergone gradual structural changes towards a fully market-based system since its
unification in the 1990s. Despite the different challenges that have impeded the improvement of the
banking system such as the large volume of non-performing loans, low capitalization, and weak
enforcement of regulatory standards hamper (US commercial report, 2008), the financial system in
general and banking industry in particular has witnessed rapid growth. Such growth corresponds with the
liberalization and reformation processes of the industry that have led to increased competition and the
entry of a number of new banks. This has doubled the banking industry in the country from eight to 16
banks. With the absence of a capital market, the Yemeni banking system is considered the linchpin of the
financial system, and constitutes a very important component of the overall economy and one of the main
drivers of the development process (Al-Swidi & Mahmood, 2011). This is evident from the fact that the
banking system’s total assets has increased from USDI.5 billion in 2000 to USD 9 billion in 2010
(Central Bank of Yemen, 2010). This rapid growth indicates the relative importance of the banking
system to the overall economic landscape (Zolait, Sulaiman, & Alwi, 2008).

This expansion in the banking sector is largely attributed to the emergence and rapid growth of Islamic
banks in the late 1990s and the tremendous speed of innovations and introduction of new financial
instruments. The main motivation of introducing Islamic banks in Yemen arose from the recommendation
from the International Monetary Funds (IMF) and World Banks as part of financial sector reforms in
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order to absorb the circulation of money out of the monetary system, where it was realized that the entire
banking system held less than 60 percent of the money supply. The bulk of the economy operates with
cash. The IMF and World Bank premised their recommendation for the introduction of Islamic banks on
the belief that they would attract deposits due to the religious factor preventing Yemenis from dealing
with conventional banks, and that Islamic banks would help in that matter.

In the wake of all this, various bodies have called for banking sector reforms in Yemen so as to meet the
expectations in the new era of liberalization, following the acceptance of the Article VIII of the
International Monetary Fund in December 1996 by the Yemeni government (Central Bank of Yemen,
hereafter CBY). This has led CBY to embark on several initiatives for enhancing the soundness of the
financial system and to protect depositors and shareholders.

The main motivation for the banking sector reformation is to enhance the banking sector in the areas of
legal and regulatory framework, monitoring and supervision, credit risk management, liquidity, auditing
and other areas. Subsequently, CBY decided to raise the minimum capital requirement from Yemeni
Riyal (YR) 1.2 billion to 6 billion for banks to operate in Yemen in 2004. Recently, CBY has approved
the entry of conventional banks into the Islamic finance market, which has exerted additional pressure on
the entire banking sector, particularly on Islamic banks. The essential premise of the financial reforms and
other initiatives is to align the banking sector closer to the international standards amidst global changes.
This, in turn, would improve the banking sector’s efficiency with simultaneous influence on various
aspects of banking operations. Banks with efficient operation would create an ability to reduce their costs
and charge lower margins to the public, which, in turn, would increase their market share consistent with
the efficient-structure hypothesis. Most importantly, with low costs to the public, customers will regain
confidence in the banking sector and their ability to seek finance would increase with subsequent
spillover on the entire economy.

The main objective of the current study is twofold. Firstly, to investigate the efficiency of the Yemeni
banking sector using dynamic DEA. Secondly, to examine the stability of the Yemeni banking sector.
Unlike previous studies in Yemen, the present study contributes to the literature by offering a different
approach to examine the efficiency of the banking sector. Specifically, the study employs a data
envelopment window analysis (DEWA). The paper extends the analysis of efficiency by developing a
two-dimensional efficiency-based matrix to assess the ability of Yemeni banks to remain competitive.
Such analysis would provide a basis for regulators and banks to further search for improvements and
refinement of the industry.

To achieve the objectives of this study, instead of using the standard DEA in estimating efficiency scores,
the study adopts the DEWA developed by Charnes and Cooper (1985) in order to take into consideration
the dynamic effects. Asmild et al. (2004) argued that DEWA builds on the principle of moving averages,
which suits the measurement of bank’s efficiency over time as it treats each bank in a different period as
if it was a different unit. The efficiency of each bank in a specific period is compared with its own
efficiency in other periods as well as to the efficiency of other banks (DMUs). The main merit of this
method, as argued by Halkos and Tzeremes (2009, 2011), is to increase the data points in the analysis,
which can be useful to cater to the problem of a small sample and thus avoid robustness related problems.
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Despite a wide range of literature on efficiency of the banking sector, the application of DEA to the
specific case of Yemen to evaluate the efficiency of the banking sector has only recently started to gain
attention.

LITERATURE REVIEW

Various studies have utilized standard DEA to analyze bank efficiency across countries. However, this
section reviews only DEA studies relevant to the purposes of the present study. Few studies have utilized
the DEA window analysis to study the efficiency of banks (Avkiran, 2004; Canhoto & Dermine, 2003;
Sufian, 2007, Webb, 2003). Using a five-year window analysis, Webb (2003) investigated the efficinecy
level of large retail banks in UK during the 1982-1995 period. Following an intermediation approach,
Webb (2003) concluded that scale inefficiency outweighs pure technical inefficeincy and that the larger
banks are less likely to experience higher pure technical inefficiency. Similarly, Resisman et al. (2003)
examined the trend efficiency for the case of Tunsia post deregulation period (1990-2001). The study
utilizes fixed assets, deposits and employees as inputs factors, and loans and securities portofolio as
output factors. The findings indicated that the post deregulation period has exhibited an improvement in
overall efficiency. Moreover, the results suggested that private banks were technically inefficient. Public
banks showed scale inefficiecny towards the late period of study and pure techincal inefficiency during
the early period of study.

Sufian (2007) examined the efficiency trends for the Singapore banking sector during the 1993-2003
period using a three-year window analysis. Using total loans and other income as output indicators and
total deposits and fixed assets as input indicators, the emprical evidence suggested that the banking sector
has shown a declining trend during the early period of ivestiagtion and improved in the later period. The
empirical findings also suggest that the small Singapore banking groups outperformed their large and very
large counterparts for all efficiency measures. Avkiran, (2004) applied a three-year window analysis to
examine the changes in pure technical and scale efficiency in Australian trading banks. The findings
indicate that during the 1986-1991 period, the efficiency trend was declining; however, thereafter it
improved in a steadily manner. Moreover, the study found that pure technical inefficiency is the main
source of inefficiency.

Hongmei & Jiahui (2011) utilized the DEA window analysis to examine the association between bank
efficiency change and stock price returns for Chinese listed banks over the 2008-2010 period. The results
reported a positive relationship not only between technical efficiency change and stock returns but also
between pure technical efficiency change and stock returns. On the contray, the study found no evidence
that scale efficiency changes are reflected in stock returns and that technical efficiency and pure technical
efficiency better explain bank stock returns compared to ROE. Asmilid et al (2001) investigated the
performance of the five largest Canadian banks over a twenty-year period from 1981 to 2000. Using DEA
window analysis with a five-year window, the study found improvement in the efficinecy trend over time
and such improvement is explained by technological development.

METHODOLOGY
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The approach adopted in this study is based on two-step analysis. In the first step, DEAW is applied to
DEA in its standard approach to deals with each DMU as it is observed at a point in time and hence
evaluate the relative efficiency of different firms at the same time. However, given that the research
focuses on changes in efficiency over time, it is possible to perform DEA over time using the moving
average principle (Kisielewska et al 2005). DEWA has been introduced by Charnes et al. (1985) to detect
the efficiency trends and variations over time. The procedures considers each DMU as if it were a
different DMU in each period, thus, the efficiency of a bank in a particular period is contrasted with its
own efficiency in other periods in addition to other DMUs (Halkos & Tzeremes, 2009; Sufian, 2007).
This enables specifying the best and worst banks in a relative sense, as well as the most stable and most
variable banks for the entire period (Piyu, 1992). Therefore, Avkiran (2004) argued that window analysis
is a kind of sensitivity analysis in which the assessment of the stability of relative efficiency scores over
time is calculated. In window analysis, data on each bank is treated differently and this provides a better
degree of freedom as it effectively increases the number of units for evaluation and hence the
discriminatory power of the method (Avkiran, 2004; Danijela, Aleksandar, Zlatko, & Vladeta, 2012;
Halkos & Tzeremes, 2009).

Asmild, Paradi, Aggrawall, & Shaffnit (2004) highlight that there are technical changes within each of
the window because all DMUs in each window are measured against each other and suggest that in order
for the findings to be reliable, a narrow window width must be applied. For the purpose of this research
and consistent with other research (Sufian, 2007; Kisielewska, Guzowska, Nellis, & Zarsecki, 2005;
Halkos & Tzeremes, 2009; Avkiran, 2004), three-window analysis will be adopted. As such, the first
window includes years 1996, 1997 and 1998. As the new window ia introduced, the window moves on a
one year period and the analysis is performed to the next three year set, dropping the original year and
adding a new year, therefore the second window contains 1997, 1998 and 1999. When a new period is
introduced into the window, the earliest period is dropped. This process is performed until the last
window which contains 2009, 2010 and 2011. This produces a total number of observations throughout
the 14 windows over 16 years to 581 observations.

DATA AND RESULTS

Utilizing a data set from 1996-2011, the present paper evaluates the efficiency of banks in Yemen using
DEWA. Financial data on inputs and outputs were obtained from the balance sheet and income statement
of the banks. Three outputs and three inputs factors are used to assess the efficiency and stability of the
banking sector in the country. Table 1 summarizes the descriptive statistics of inputs and outputs. Based
on a moving average, the change in efficiency over time is estimated as shown in Appendix 1." According
to this method, two views is adopted. Firstly, the column view which enables to evaluate the stability of
banking sector (i.e. National Bank of Yemen). Secondly, the ‘row views’ shows the behavior over the
same data set.

As shown in Table 2, the efficiency scores show that there is a decline in the efficiency trend of the
banking sector over time. The average overall efficiency scores of the banking industry turned out to be

! Table 1 presents the efficiency scores for National Bank of Yemen as illustrative case due to the wide range of findings obtained. All other
banks’ results are readily available upon request.
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relatively low (65 %) and the mean of their standard deviation is 15% indicating the poor performance of
the Yemeni banking industry. The best performer is Tadhamon Islamic Bank, with an average efficiency
score of 96% and standard deviation of 6%. While stated-owned banks are lagging behind all other banks,
the Islamic banks outperformed all banks for the entire period, follwed by foreign banks (Table 3). Table
3 shows that the Islamic banks exhibited improvement in their performance in the later period (window 8-
14, score of efficieny 0.85) compared to the early period (efficiency score, 0.79). In contrast, state-owned
banks experienced a decline in efficieny score from 0.52 in the early windows (1-7) to 0.48 in recent
windows (8-14).

Table 1: Descriptive statistics of inputs and outputs

Indicators Outputs (Thousands) Inputs(Thousands)

T1 T2 T3 X1 X2 X3
Mean 16,222,121 1.701.191 683,791 863,632 562000.781 40488379
Max 123,705,863 21175364 5721121 5508282 4,369,830 28451406
Min 153,863 941 334 214 4,482 439229
Std. Dev. 22904822 28097143 868,984 1.037.334 716813 40282 697

Y1 is total loans/ fimaecing; Y2 rgfers to buterest’ finamcing icome; Y3 represerts non-ierest income; X1
indicates the physical capital; X2 & the human capital;, and X3 & ioial deposits.

Table 2: Results of DEWA (Window length (W)=3

Wl W W3 W4 WE Wé WT WE Ws W0 WL W1 W13 W14 Alean'bank  Std Dev.

NEY 28 035 03 032 021 0328 034 035 044 06 0.66 062 040 056 042 0.15
CEY 086 0.8 075 0B 071 058 058 051 045 047 047 052 047 045 0.60 0.15
CACB 0B 07T O07B 072 0B 072 072 044 031 032 032 03 038 034 056 0.22
YDEE 061 061 047 038 033 047 047 056 048 053 053 0.65 0.68 03 051 0.11
IBOY 100 100 052 OB 084 072 072 073 0.BF 087 087 0.65 0.75 087 0.83 0.11
YTHEI 073 071 0.7 063 052 053 05 057 0.5 0.47 047 05 044 044 055 0.10
QATAR 018 031 0.17 022 0.08
ARAEB 077 055 043 032 043 04 0.4 042 035 066 0.66 0Bl 0.71 0.6 056 0.14
ERAFED 08E 100 083 07 100 100 100 074 061 065 0.65 100 0.74 060 083 0.16
TLE 032 065 051 052 053 0355 0B 0.83 100 100 086 0L 0.8e 0.73 0.23
CALB 100 071 ©B7T 068 075 075 083 093 005 085 087 064 052 0.80 0.14
GULFB 023 034 055 055 0BT 075 055 0.24
TIE 085 O0B3 092 085 100 100 100 100 050 100 100 084 087 0eo 086 0.06
BABA 100 100 0.8 061 047 048 O048 058 062 073 0.73 085 0.82 084 0.72 0.18
IEOD 04¢ 050 067 OBl 097 058 O02E 100 100 100 100 100 100 0eo 0.8e 0.18
SHAMIL 047 047 056 066 04 0.64 0.77 0.82 0.66 0.63 0.12
MeanW 077 073 060 062 063 063 0T 067 06T 071 062 0.72 067 063 0465 015

Further analysis is conducted to assess the efficiency and stability of the banking sector by grouping the
banks under different dimensions based on two criteria, namely the average efficiency and standard
deviation of each bank compared to that of all banks. Two dimensional matrix is established, as can be
seen in Table 4.

In the matrix (Table 4), the efficiency and stability of the banking sector are depicted in a two
dimensional matrix. The matrix categorises all banks into four groups based on two conditions. The first
condition is whether the mean efficiency score for each bank is greater or less than the average efficiency
of all banks. The second condition is whether the standard deviation for each bank is greater or less than
the average standard deviation of all banks. As illustrated in Table 4, each bank falls into one of the four
guadrants based on its characteristics.
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Group A: This group consists of banks that are inefficient but stable. All banks in this group operate
consistently with low levels of efficiency. Based on their standard deviation, the variability of efficiency
of this group is very low, though its level of efficiency is also low. Approximately, one-half of the
banking industry is operating within this group. This comprises of the Yemen Bank for Reconstruction
and Development (YRDB), Yemen Kuwait Bank for Investment (YKBI), Qatar National Bank (Qatar),
Arab Bank Limited (ARABB), Shamil Bank of Yemen and Bahrain (Shamil), National Bank of Yemen
(NBY), and the Commercial Bank of Yemen (CBY) which are all conventional banks except the Shamil
Bank of Yemen and Bahrain which is an Islamic bank. These banks are lagging behind the industry in
their overall efficiency, which suggests that these banks are the main contributors to the poor efficiency
scores for the industry as a whole. The factors and challenges facing this group need to be addressed so as
to find ways of boosting their performance relative to their peers in the industry.

Table 3: AverageEfficiency all banks, all windows, by ownership

Windows w w w w w w w w w w w w w w Mean/
Types 1 2 3 4 5 6 7 8 9 10 11 12 13 14 Windows

of Banks

State Owned 0.59 058 052 047 045 049 056 045 041 048 053 058 052 043

Average Win 1-7 0.52
Average Win 8-14 0.48

Overall EFF 0.50
Privately- Owned 0.86 084 079 075 058 054 060 068 068 064 053 056 055 0.59

Average Win 1-7 0.71
Average Win 8-14 0.60

Overall EFF 0.66
Foreign Owned 0.88 0\.72 0.66 0.62 0.66 0.67 0.73 0.72 0.73 0.82 0.89 0.91 0.75 0.68

Average Win 1-7 0.70
Average Win 8-14 0.75

Overall TE 0.72
Islamic Banks 0.78 08 08 079 081 073 079 079 08 084 087 089 088 087

Average Win 1-7 0.79
Average Win 8-14 0.85

Overall EFF 0.82

Group B: Under this group, two banks, namely the Coop. and Agricultural Credit Bank (CACB) and
Yemen Gulf Bank (GulfB) belongs to this category and are the worst performers, i.e. both are inefficient
and unstable. Both banks operate with low levels of efficiency and high variability. As mentioned earlier,
CACB is stated-owned and GulfB is a private bank.

Group C: This high-stability and high-efficiency group represents the best in the industry. Only three
banks qualify. These are the Tadhamon International Islamic Bank (TIB) (Islamic), International Bank of
Yemen and the Calyon Bank (CALB) (conventional). Banks operating under this zone are remarkably
good performers as they are both very efficient and very stable. Therefore, maintaining such high
performance with low variability is advantageous and further improvements are encouraged and required
in a dynamic environment. The top performer is Tadhamon Islamic Bank with a high 96% efficiency and
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a low 6% variability, with the two others trailing closely. This suggests that group C banks are truly
outstanding in the industry.

Table 4 Efficiency and Staklity Matrix

High Group D Group C
RAFDEEN, ULB, SABA, TIB, IBOY, CALB
IBOD (Efficient and stable)
§ (Efficient, but unstable)
2 Low Group A
b Group B YRDB, YKBI, Qatar, ARABB,
CACB, GulfB SHAMIL, NBY, CBY
(Inefficient and unstable) (inefficient but stable)
Low High
Stability

Group D: This last group comprises of banks with high levels of efficiency, but lacking stability in their
performance. Four banks, namely Al-Refdeen Bank (RAFEED), United Limited Bank (ULB), Saba’a
Islamic Banks (SABA’A), and the Islamic Bank of Development (IBOD) are found in this quadrant, of
which two are Islamic banks. Causes for their efficiency’s variability need to be investigated and
solutions need be provided so as to improve their stability and maintain their high performance.

Overall, the majority of Islamic banks are efficient. However, out of the four Islamic banks, two or half
are operating with variability in their performance, though they are efficient. Two-thirds of the
conventional banks are stable, albeit inefficient.

CONCLUSION AND POLICY IMPL ICATION

The economic growth of Yemen has yet to reach its expected levels. Part of its financial system, the
banking sector has passed through various challenges that hinder its progress such as ciruclation of cash
out of the monetary system, high non- performing loans and a weak regualtorty environment. To remedy
this, adminstative and financil reforms were proposed so as to enhance the economic and financial
system. Banking sector reforms have been undertaken to raise the effectivness and efficiency of the
banking sector to align with international standards. This study provides evidence that banking sector
reforms have failed to achieve the targeted objectives. The efficiency of the banking secctor is very low
and further improvement is needed. Through the results, the evidence indicates that ownership structure
has its role in the efficieny of the Yemeni banking sector. Precisely, state-owned and private-owned banks
are the main source of inefficieny. Islamic banks and foreign banks are better in their efficieny levels.
Overall, conventional banks show low levels of efficiency, however, two-thrids are stable while the rest
are inefficient and unstable. Taking the results together, it can be concluded that the financial reform has
not achieved its purpose in generating more competition and efficiency in the banking sector, as shown by
the varaition of efficinecy of conventional and Islamic banks. Measures to increase competition and
efficiency are needed as there is a large scope to enhance the efficiency in Yemen through policies aimed
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at fostering banking competition. On the regulatory side, relaxation of restrictions on foreign entry,
specifically Islamic foreign banks could help expdite the efficieny. This calls for further improvements in
the informational, contractual and enforcement infrastructure in the country.

APPENDIX 1: EFFICIENCY OF NATIONAL BANK OF YEMEN
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ABSTRACT

The total potentials for improvement in the efficiency of a DMU frequently remain unrevealed by calculating radial
efficiency measure by basic data envelopment analysis (DEA) models. This paper, thepplees,a new slack

model (NSM) of DEA, which directly deals with input and output slacks, to assess the efficiency of 27 secondary
level public hospitals of State of Uttarakhand (India) for the calendar year 2012. The study is undertaken with 3
inputs: number of beds, number of doctors and number of paramedical staff (PMS) and 4 outputs: number of
outdoorpatients and number of indogatients including two casmix outputs: number of major surgery and
number of minor surgery received. The paper concltdasoverall technical efficiesy of average hospitals in the

state is only 55.90% which indicates that the hospitals have a high potential for improvement. To examine the
robustness of the results, sensitivity analysis is also conducted.

Keywords New Slack DEA Model; Constant Returns to Scale; Efficiency; Super Efficiency; Secondary level
Hospitals of Uttarakhand

INTRODUCTION

The increasing resources crunch, coupled with the inefficient use of funds, has put the public sector in a
position of comparative disadvantage. It is observed that public health investment over the years has been
comparatively low. Its percentage in terms of gross domestic product (GDP) has declined from 1.30% in
1990 to 0.90% in 1999. However, it has increased to 1.25% in 2007 and further to 1.30% in 2011. The
aggregate expenditure on the health sector in India is 5.2 % of the GDP of which public sector constitutes
only 17% (Economic Survey 2011-12). Public sector hospitals, which provide un-priced services outside
the market mechanism, bristle with the conceptual difficulty of such a precise delimitation of inputs and
outputs. The problem becomes more acute in the absence of relevant data pertaining to the inputs and
outputs. As such, this difficulty is partially by-passed by some performance measurement techniques
which do provide scope for testing alternative input and output definitions using different combinations of
inputs and outputs. One approach towards this end has been to examine the performance status of public
hospitals on the basis of which policy decisions on the future course of action could be taken. It is in this
context that this paper applies data envelopment analysis (DEA) to measure the technical and scale
efficiencies of public hospitals of Uttarakhand with a view to identify inefficient hospitals and input
reduction (output augmentation) required to make them efficient.
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Uttarakhand is a newly established state. A large part of it is hilly and thinly populated where public
hospitals are the main source of healthcare services; while in densely populated plain region, people have
better access to private healthcare services. Since public resources at the disposal of the state government
are limited and have competitive uses, it becomes imperative to make their efficient use so that maximum
social welfare may be achieved.

The basic CCR and BCC models does not account for slacks, whereas additive model and SBM model
(Tone, 2001) do not have the radial properties of DEA. Keeping these constraints in view, this paper
applies the NSM model which satisfies monotone decreasing property with respect to slacks. It also
satisfies all other properties of radial DEA models. The dual of NSM model reveals that all multipliers
have become positive, i.e., all input and output variables are fully utilized in the performance assessment
of the DMUs. In this paper, we estimates the efficiency of public sector hospitals using NSM model.

METHODS

Data Envelopment Analysis

Data envelopment analysis (DEA) is a linear programming based technigue to assess the efficiencies of
decision making units (DMUs) handling multiple inputs and outputs, and presenting results in relative
form. This technique was suggested by Charnes et al. (Charnes et al., 1978) and was built on Farrell’s
(Farrell, 1957) idea. It is referred to as the CCR model in the literature, which assumes the constant
returns to scale (CRS) production technology. This model implies that any proportional change in every
input usage would result in the same proportional change in every output produced. A more flexible
model developed by Banker et al. (Banker, et al. 1984), called BCC model relaxes the assumption of CRS
to variable returns to scale (VRS). These models are basic DEA models.

The basic DEA models does not account for slacks, whereas additive and SBM models do not have the
radial properties of DEA. Thus the NSM model shows a sharp contrast to other models. This model
satisfies monotone decreasing property with respect to slacks. It also satisfies all other properties of radial
DEA models. The dual of this model reveals that all multipliers have become positive, i.e., all input and
output variables are fully utilized in the performance assessment of the DMUSs.

Selection of Hospitals

We have selected government hospitals of Uttarakhand, having bed strength 30 or above. As per the
availability of data, a total of 27 District/base/combined hospitals are selected. Data have been collected
from the Directorate of Medical Health and Family Welfare, Government of Uttarakhand, (2012).

Selection of Input and Output Variables

For estimating the relative efficiency of public hospitals three inputs, viz., number of beds, number of
doctors and number of paramedical staff (PMS) and four outputs, namely, number of outdoor patients
(OPD), number of indoor patients (IPD), including two case-mix outputs, i.e., number of major surgery
and number of minor surgery are considered (Grosskopf and Valdmains, 1993).
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Table 1 presents mean and standard deviation for input and output variables of 27 government hospitals in
Uttarakhand for the year 2012. During this year, hospitals, on average, had 21 doctors and 45.67
paramedical staff, 104.22 beds and served an average population of 155447.80. The average number of
outpatients treated was 155447.80, ranging from 30426 to 715221. Descriptive statistics show that there is
a significant variation in the selected inputs and outputs across the hospitals.

Table-1: Descriptive Statistics of Inputs and Outputs.

Inputs Outputs
No. of No. of No. of No. of Out No. of In-door  No. of Major  No. of Minor
Beds Doctors PMS door Patients  Patients Surgery Surgery
Max 402 55 140 715221 22111 4128 2834
Min 30 7 13 30426 1991 103 321
Mean | 104.22 21 45.667 | 155447.8 8544.148 657.963 754.259
SD 72.36 9.321 26.321 | 128198.3 5703.212 828.238 586.120

THE NEwW SLACK MODEL (NSM)

Since the CCR model neglects the slacks in the evaluation of efficiencies, to overcome this shortcoming,
efficiency score of the K™ hospital is computed using the output-oriented New Slack Model (Agarwal et
al., 2011) which is given as follows:

— 1 as s mg O 1]
AT S

st ;ai.l/jk yrj - % 7% T 1,__2,3,“., N %u .......... Modell
éhmﬁ% =% 1 12,3,..., m i
/4S0%020, "I £23..,mj 123..,n 1 123, 5%,

The interpretation of the results of Model 1 can be given as follows:

The K hospital is total potential efficient or NSM efficient if and onlj(szl.

The set of indices corresponding to posit}ﬂ/@ 'sis called the reference set of tH&ikefficient hospital.

The reference set denoted hyisdefined as:

I%<:{D'\/IUJ :/jk DE), J ]FZ,..., n}

RESULTS AND DISCUSSIONS

The overall technical efficiency (OTE) scores of 27 hospitals are estimated for the year 2012 by applying
New Slack Model. Table 2 presents the OTE score obtained from the output-oriented NSM model under
the assumption of CRS along with reference set, peer weights and reference count (peer count).

OVERALL TECHNICAL EFFICIENCY (OTE)

The OTE scores indicate that the hospitals having efficiency score equal to one are efficient and form the
efficiency frontier and those having efficiency score less than one are inefficient relative to the hospitals
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on the frontier under CRS assumptions. Table 2 shows that out of 27 hospitals only 2 hospitals (H6 and
H10) are overall technical efficient. The remaining 25 hospitals are inefficient as they have efficiency
score less than one. The two efficient hospitals (H6 and H10) are on the best practice frontier and thus
form the “reference set”, i.e., these hospitals can set an example of best operating practice for the
remaining 25 inefficient hospitals. For every inefficient hospital, the model identifies a set of
corresponding efficient hospitals known as reference set which can be used as a benchmark for improving
the performance of the inefficient hospitals. The hospital H18 turns out to be the most inefficient hospital
as it has the least OTE score (24.70%).

The average OTE comes out to be 55.90%, which reveals that on average hospitals have to augment their
outputs by 44.10% maintaining the same level of inputs. Out of 27 hospitals 15 hospitals namely H3, H5,
H8, H12, H16, 17, H18, H19, H21, H22, H23, H24, H25, H26 and H27 attain the efficiency score lower
than the average efficiency score.

INPUT-OUTPUT SLACKS FOR INEFFICIENT HOSPITALS

The slack analysis provides additional insights about the magnitude of inefficiency for the under-
performed hospitals. The magnitude of inefficiency is given by quantity of deficient output produced
(output slacks) and/or excess resources used (input slacks) by inefficient hospitals. If a hospital does not
have slacks in inputs, then it implies that the hospital has utilized its inputs efficiently. The non-zero
slacks in inputs show the over-utilization and non-zero slacks in outputs show under-production. The
output slacks results show that on average inefficient hospitals have to increase their outputs: number of
indoor patients, number of major surgery and number of minor surgery by 1.376, 1.396 and 1.054
respectively with reduction of the inputs: number of beds, number of doctors and number of PMS by
0.011, 0.002 and 0.005 respectively. The input reduction results show that inputs are highly utilized.

Table 2: NSM-OTE, CCR-OTE, Reference Set, Peer Weight, Peer Count ariRleturns to Scale (RTS)

Code NSM OTE CCR OTE Reference Set Peer Weights Peer Count RTS
H1 0.561 0.601 H6 0.0001 0 IRS
H2 0.598 1.000 H6, H10 0.0003, 0.0017 0 IRS
H3 0.434 0.856 H10 0.0018 0 IRS
H4 0.855 1.000 H10 0.0017 0 IRS
H5 0.517 0.909 H6 0.0002 0 IRS
H6 1.000 1.000 H6 1 12 CRS
H7 0.719 0.953 H10 0.0027 0 IRS
H8 0.390 0.592 H6 0.0005 0 IRS
H9 0.645 0.882 H6 0.0001 0 IRS
H10 1.000 1.000 H10 1 18 CRS
H11 0.630 1.000 H6, H10 0.0001, 0.0001 0 IRS
H12 0.529 1.000 H10 0.0021 0 IRS
H13 0.917 1.000 H6 0.0001 0 IRS
H14 0.648 1.000 H6, H10 0.0003, 0.0007 0 IRS
H15 0.562 0.773 H10 0.0025 0 IRS
H16 0.455 0.675 H6 0.0001 0 IRS
H17 0.507 0.622 H10 0.0025 0 IRS
H18 0.247 0.253 H6 0.0001 0 IRS
H19 0.431 1.000 H10 0.002 0 IRS
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H20 0.583 1.000 H10 0.0017 0 IRS
H21 0.373 0.888 H10 0.0013 0 IRS
H22 0.367 0.553 H10 0.0035 0 IRS
H23 0.340 0.535 H6, H10 0.0001, 0.0023 0 IRS
H24 0.394 0.623 H6, H10 0.0001, 0.0033 0 IRS
H25 0.514 0.706 H10 0.002 0 IRS
H26 0.381 0.653 H10 0.0017 0 IRS
H27 0.503 0.974 H10 0.002 0 IRS
Mean 0.559 0.817

Source: Authors’ Calculation,

INPUT-OUTPUT TARGETS FOR I NEFFICIENT HOSPITALS

When a hospital is inefficient, DEA allows setting targets for the inputs and outputs for the inefficient
hospitals (Agarwal et al., 2007) to improve their performances and to become efficient one. Relevant to
the used NSM model the targets for inputs and outputs are given by the following relations.

For Outputs y, =qiy, S & k¥ For Inputs %, =x, - &/} X

i=1 j=1
where y_rk (r=1, 2, 3, 4) and g (i = 1,2,3) are the output and input targets respectively for the k™"
hospital, Y, and X, are the actual outputs and inputs of the K™ hospital respectively, q; is the optimal

efficiency score of the k™ hospital, s‘k* and sfk* are the optimal input and output slacks of the k™ hospital.

The average optimal input and output targets for inefficient hospitals show that on average an inefficient
hospital has significant scope to reduce inputs and augment outputs relative to the best performing
hospital. On average percentage reduction in inputs is 0.010, 0.009 and 0.011 respectively while average
percentage augmentation in outputs is 89.79, 91.39, 78.89 and 90.64 respectively.

SENSITIVITY ANALYSIS

In this section we use sensitivity analysis model given by Agarwal, Yadav and Singh (Agarwal et al.,
2013). This model determine the robustness of the efficiency scores by changing the reference set of the
inefficient DMUSs; rank the efficient DMUSs, identifies the outliers; and estimates the super efficiency of
the DMUs. The super efficiency model excludes each observation from its own reference set so that it is
possible to obtain efficiency scores that exceed one. The model for sensitivity analysis is given by
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where J is the set of all DMUs, J, is the set of inefficient DMUs and J. is the set of efficient DMUs, aN J,,
b N J,,. Efficiency of the a" hospital to be evaluated under the condition that ji J -{b}, i.e., the b"

158



hospital is excluded from the whole set. Table 3 shows the results of the sensitivity analysis obtained by
changing the reference set of the inefficient hospital. So, we exclude these hospitals one by one from the
whole set of hospitals. These results show that the NSM efficiency scores are robust. Removal of H6 and
H10 gives no high influence on the mean OTE.

Table 3: Results of Sensitivity Analysis

Efficient Hospital Increment in OTE
Code OTE H6 H10 H6 H10 Mean
H1 0.561 0.579 0.561 0.018 0.000 0.009
H2 0.598 0.613 0.629 0.015 0.030 0.023
H3 0.434 0.434 0.465 0.000 0.031 0.016
H4 0.855 0.855 1.000 0.000 0.145 0.073
H5 0.517 0.528 0.517 0.011 0.000 0.005
H6 1.000 1.217 1.000 0.217 0.000 0.109
H7 0.719 0.728 0.733 0.009 0.014 0.012
H8 0.390 0.392 0.390 0.002 0.000 0.001
H9 0.645 0.713 0.645 0.067 0.000 0.034
H10 1.000 1.000 1.009 0.000 0.009 0.004
H11 0.630 0.668 0.644 0.039 0.015 0.027
H12 0.529 0.529 0.571 0.000 0.042 0.021
H13 0.917 0.999 0.917 0.082 0.000 0.041
H14 0.648 0.671 0.683 0.023 0.034 0.028
H15 0.562 0.562 0.649 0.000 0.087 0.043
H16 0.455 0.471 0.455 0.016 0.000 0.008
H17 0.507 0.515 0.566 0.009 0.059 0.034
H18 0.247 0.262 0.247 0.014 0.000 0.007
H19 0.431 0.431 0.478 0.000 0.046 0.023
H20 0.583 0.583 0.762 0.000 0.180 0.090
H21 0.373 0.373 0.440 0.000 0.067 0.034
H22 0.367 0.368 0.403 0.001 0.037 0.019
H23 0.340 0.347 0.386 0.007 0.045 0.026
H24 0.394 0.397 0.445 0.003 0.051 0.027
H25 0.514 0.514 0.556 0.000 0.042 0.021
H26 0.381 0.381 0.457 0.000 0.076 0.038
H27 0.503 0.503 0.636 0.000 0.134 0.067
Mean 0.559 0.579 0.602 0.020 0.043 0.031

Source: Authors’ Calculation

The result also shows that hospital H4 becomes efficient after removal of H10. It means that H4 has the
structure similar to H10; it becomes inefficient due to the existence of H10. The hospital H10 has
considerable influence on the efficiency of many inefficient hospitals while H6 does not have any
perceptible influence on the inefficient hospitals. These results indicate the robustness of the efficiency
scores. Table 3 also shows the Super Efficiency scores of the efficient hospitals H6 and H10. The super
efficiency of H6 and H10 are 1.217 and 1.009 respectively.

CONCLUSION

This paper uses NSM-DEA model to evaluate the OTE of government hospitals in Uttarakhand, India.
This model deals directly with input-output slacks. The study reveals that out of 27 hospitals only 2
(7.41%) are efficient. The average OTE 55.90% indicates that 44.10% of the technical potential of
hospitals is not in use, implying that these hospitals have the scope of producing 44.10% more outputs
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with same level of inputs. The hospitals H6 and H10 form efficiency frontier as they scored OTE equal to
one. Between both efficient hospitals, H10 is found to be the most efficient as it is the reference sets for
the largest number of hospitals. On contrary, Base Hospital Almora (H18) is found to be the most
inefficient hospital and it has to increase its number of out-door patients and number of major surgery
each by 304.23%, number of in-door patients by 304.26% and number of minor surgery by 304.24% with
the same level of inputs. The target setting results show that number of indoor patients has significant
scope to expand. This can be expanded by providing better facilities in the hospital including medical and
non-medical staff.
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ABSTRACT

The pharmaceutical industry of Bangladesh is nhow meeting around 97A%talfdomestic demand with an annual

two digit growth rate. But the question arises as to whether the firms produce effi€h#ypaper measures
technicalefficiency of the pharmaceutical industry of Bangladesh using Data Envelopment Analysis (DEA) over a
period of 200 to 2013. We use the neparametricDEA with one outputannual sales and three inputs; viz. (i)

fixed asset; (i) raw material cost; and (iii) cost ofsalary. Results of the analysis reveal that Malmqtosal factor
productivity index (TPI) has maintained a slightly upward trend during the study period with a value of 4.7%
annually. It has also been observed that the major douttoir of TP growth istechnological change with a value of
10.8% positive growth annually. Additionally, all changestethnical efficiency; pure efficiency and scale
efficiency haveegressedvith values of 5.5%, 2.1% and 3.5% respectivelihe overallproductivity progress was

due to technological progress and an overall efficiency regress. Thus, the gains in productivity are entirely due to
technological advancements, and not efficiency improvement. The main source of inefficiency in pharmaceutical
industry is scale inefficiency rather than pure technical inefficiency.

Keywords Efficiency; Data Envelopment Analysis; Malmquist Productivity Inérarmaceutical.

INTRODUCTION

Since independence in 1971, Bangladesh has faced multidimensional challenges in the way to economic
development and sustainability. Ensuring productivity is one of them and has also been neglected earlier.
The early 1990s witnessed the start of first industrialization of major industries. Pharmaceutical industry
growth was an exception. A two digit annual growth has made this sector important in the economy.
Currently, almost all domestic demand is met with endogenous production except latest innovations and
rare cases. Many published articles and news headlines supported the view that the industry has grown
faster than others. But the fact is growth in sales does not necessarily mean that the industry is operating
efficiently. Authors identified a literature gap. That is, does the industry run in an efficient way? This
study analyzed technical efficiency (TEC) of Bangladeshi pharmaceutical industry. We used output-
oriented Malmquist index to answer the following questions: a) among the companies who are the major
contributors of the total factor productivity growth in Bangladesh from 2009 to 20137 b) how is the trend
of technological changes in selected companies over the period covered?

This paper has five sections. The following section describes a brief background of pharmaceuticals
industry in Bangladesh. Section I1I presents the method of the study, data source and model development
for the analysis. Section 1V addresses major contribution of earlier literature in the above issues. Analysis
of empirical results is discussed in section V. Finally, section VI presents conclusion and policy
implications.
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BACKGROUND OF THE PHARMACEUTICAL INDUSTRY OF BANGLADESH

The progress record of this industry is very pleasing. In 1982, Government of Bangladesh deregulated the
Drugs Control Ordinance. It helped local investors to jump into investment. Before that, Bangladesh was
completely an import oriented country. Nowadays, roughly 343 pharmaceutical companies are registered
to serve a market of USD 1300 million (Hossain, Nur, & Habib, 2014). According to the report of The
Dhaka Chamber of Commerce and Industries (DCCI), Bangladesh pharmaceutical industry is self-
sufficient in meeting 97% of local demand. Remaining 3% consist of specialized vaccines and anti-cancer
products. This industry is now the second largest contributor of national revenue from exporting a wide
range of medicine to more than 75 countries around the globe. Most importantly, the industry is
dominated by the local companies. Besides creating employment, this promising sector recently attracted
foreign investment by offering three main competitive advantages; a) reasonable power cost, b) low labor
cost and c) trained employee (white color labor) cost. Since liberation in 1971, in just four decades, a full-
fledged industry is now operating with pride.

However, the agreement between Bangladesh and Trade Related Aspects of Intellectual Property Rights
(TRIPS) in 2001 prescribes that Bangladesh can enjoy purchase of raw materials without patent fees as
the member of Least Development Country (LDC) and World Health Organization (WHO) until 2016.
During this period, Bangladesh is also imposed with restricted export facility. Now, a deeper look may
find the gravity of requiring an answer to a question, that is, did the industry achieve efficiency? The
improvement we saw is not all, indeed. It is important to study the sources of the productivity within the
industry. The results from the study would help executives, government and policy makers to reshape
their strategies and aid policy decisions.

METHODS

Malmaquist total factor productivity (TPI) is used in the study to measure performance of Bangladeshi
pharmaceuticals industry. Literally, efficiency measurement begins with the valued work of (Debreu,
1951) where “dead loss” of an economic system was numerically evaluated in a non-optimal economic
condition. Later, efficiency was first introduced by (Koopmans, 1957). His definition of technical
efficiency explains output maximization capacity keeping input constant or minimizing input keeping
output level unchanged. The Malmquist index is used to present efficiency of a DMU over a period of
time. Based on the valued work of (Malmquist, 1953), (Caves, Christensen, & Diewert, 1982) and
improved the non-parametric framework of Malmquist index. Total factor productivity (TPI) of a firm
was first proposed by (Coelli, Rao, O'Donnell, & Battese, 2005). They estimated an index contained with
all inputs and outputs of a DMU in ratio format. Non-parametric distance function is used for the
calculation. Use of distance function is due to examine the relative status of a DMU in comparison to the
optimal DMU at a given set of inputs and outputs. Benefits of using TPI are ability of using multiple
outputs and inputs along with no requirement of specifying behavioral objective functions. Compared to
“Tornqvist and Fisher” model, TPI does not require input price for productivity calculation. In addition,
Byproducts of TPI are technical efficiency change (TEC) and technical change (TCH). Again, TEC can
be said as product of scale efficiency (SE) and pure efficiency (PU). These sources of efficiency changes
help researchers for examining efficiency from different perspectives. Furthermore, the decomposition of
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TPI helps in further modeling and innovation of efficiency analysis. (Fare, Grosskopf, Norris, & Zhang,
1994) demonstrate the use of DEA for calculating TPl index. Based on the CCR ratio, (Banker, Charnes,
& Cooper, 1984) examined a model using multiple inputs and outputs in all capacity (Increasing, constant
or decreasing return to scale) of firms. Their findings contributed modern economics in farther
exploration.

If the input and output vector of a production unit is presented by w @ &€ Qand (t) stands for time period,
the output set of the production process can be defined as:

0 & O [ € Qe Qi (1)

This output set by Chou, Shao, and Lin (2012) satisfies notion of disposability of inputs and outputs since
it assumed to be closed, bounded and convex (Coelli et al., 2005). A distance function for the output set
can be designed as follow:

0O oy [T EHOj—NDO @ 2)
Note that, the input oriented distance function is just the reciprocal of Eq. (2). Again, —stands as radial
factor for adjusting output vector’s position. Since the boundary of (x,y) is defined as the set of (5= (1,1),

Eq. (2) corresponds to BBC (variable returns to scale) models. We can duplicate eq. (2) as a linear
programming (LP) converting for a DMU tY2

0 ®%n?d i Agd aow Lodh & p888H
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Here, & is the intensity variable.

Considering two consecutive time frames e.g. t and t+1, and combining the distance function of Eq. (2),
TPI of Malmquist index can be shown as follow:

RO AL AL : . 3)
Eqg. (3) can be transformed into;
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Here,
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Output oriented Malmquist TPI Index, as shown above in Eg. (3) can be decomposed as a product of
technical efficiency change (TEC) and technical change (TCH) as presented in Eq. (4). Keeping the input
vector constant for the period t, the distance function explains the major changes until the period t+1.
Here, D is used as distance function by taking the decision-making unit in the assessment to desired

frontier. In Eq. (3), the first part of the ratio —:: expresses the concept of Catch-Up and the
A .
second part — denotes Frontier Shift of the DMU from time t to t+1 (Cooper, Seiford, & Tone,

2007, p. 329). The frontier shift assumes the first part as the target benchmark and captures the technical
efficiency changes for the following period. In order to calculate productivity changes of a DMU, at least
two frontiers must be considered. A value of MI more than one defines productive growth and less than
one indicates productivity decline in a given adjacent time. The specialty of MI is it can decompose
productivity change of the required frontier into two exclusive components; TEC and TCH
(Davamanirajan, Kauffman, Kriebel, & Mukhopadhyay, 2006). Noted that, a value of 1 (one) for all TPI,
TEC and TCH explains that the company efficiency remains equal compared to period (t) in (t+1). Again,
a value of more than 1 (one) represents improvement and less than 1 (one) explains regress in efficiency
as a relative measure.

Further decomposition of TEC, Eq. (5) is shown below:

N h
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Here, O s the output distance function for variable returns to scale. The first part of the Eq. (8) is
named as pure efficiency (PE) that describes pure change in technical efficiency in a relative form of
defined consecutive time period. And, remaining part of Eq. (8) stands for describing change in effect due
to economics of scale and denoted by SE. Thus,
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Combining Eq. (4) and (8), it comes as TPI is the product of TCH, PE and SE. An extended version of
Eq. (7) can be then,

0 Gadn dY®Iod O YO "Y6 O (11)
This study evaluates sources of efficiency changes in pharmaceuticals industry of Bangladesh using TPI.
Three inputs have been selected for the analysis namely fixed asset, cost of raw materials and cost of
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salary and wages with only one output namely sales (both local and export). Data is collected from annual
reports published by the companies. Despite having 343 pharmaceuticals firms in the country, this study
focuses on all the 14 companies listed in the stock exchange, due to unavailability of data. The study
covers data from 2009 to 2013.

LITERATURE REVIEW

The measurement of efficiency in Bangladeshi Pharmaceuticals Industry would be the first of its nature.
Past studies are mostly related to pharmaceutical industries covering various factors of production e.g.
input, output, constraints etc. Most of the literatures on manufacturing industry have been focused on
output-oriented productivity viz. sales. A unit of positive change in output indicates a unit increase in the
efficiency of inputs. Thus, reduction of input cost may meet by producing higher level of output. This
paper covers the literature only on efficiency, productivity of pharmaceuticals and manufacturing industry
and Total Factor Productivity.

Both Azam and Richardson (2010) and Royhan (2013) concentrated on present status and future prospect
of Bangladeshi pharmaceutical industry. Their findings have limitation in proper justification of the
growth statement and model specification. Saranga and Phani (2004) examined DEA of Indian
pharmaceutical companies using data from 44 listed companies. Authors argued that the growth of
individual company is independent to its internal efficiency. They suggested for a preparation of being
“product patent” rather “process patent”. According to them, earlier realization of world scenario in
pharmaceutical industry and action plan can save the total industry in case of major external economic
and international crisis. Mazumdar and Rajeev (2009) evaluated comparative efficiency of different
Indian Pharmaceutical companies. They examined data from 2492 unbalanced firms over a period of
1991-2005. The study has revealed that positive technical efficiency changes have been observed in the
companies with large-sized and import orientation of new innovation. Investment in R&D has been found
as poorly contributing component in Total Factor of Productivity growth among the selected companies.

Kirigia, Emrouznejad, Sambo, Munguti, and Liambila (2004) analyzed technical efficiency of health
organizations in Kenya. Based on the secondary data from 32 major health care centers, DEA has been
examined. Their findings have revealed that 44% of total health care center are technically inefficient.
Seminal paper of Hashimoto and Haneda (2008) has been examined technical efficiency of Japanese
pharmaceutical industry using same technique. They used sales volume as single output and three inputs
namely, patent or R&D, product innovation and process innovation cost. Their findings have been
summarized a consistent negative productivity change over the period of 1982 to 2001. Recently,
Tripathy, Yadav, and Sharma (2013) examined 81 Indian pharmaceutical companies using Malmquist
productivity index. A positive technical efficiency change has been observed over the period of the
observation. The study has resulted with significant outcomes in determining firm-specific factors of
productivity for any pharmaceutical company. For example; age of establishment, Research and
development, ownership and foreign direct investment.

Nordin Haji Mohamad and Said (2011) measured efficiency of Government linked Malaysian companies
using data from 2003 to 2008. DEA analysis identified only 10 companies in the favorable frontier.
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Malmaquist index of TPl examined that even though the companies have shown a positive technical
efficiency change in the results but did not achieve recommending technological change of new
innovations and progress. This study has used Paid-up-capital, Fixed Asset and Total Salary as input and
Sales revenue, Return on Asset and Market Price per share as output. A recent work of Ramli and
Munisamy (2013) on technical efficiency and ecological efficiency also contributed the existing literature.
They applied DEA and Directional Distance Function (DDF) on manufacturing industries over the period
of 2001 to 2010. The study has used Operating Expenditure and Capital as input and sales as desirable
output. In contrast to the findings of Jajri and Ismail (2007), Ramli and Munisamy (2013) checked the
efficiency on state basis rather than sector basis.

Noordin Haji Mohamad and Said (2012)studied on efficiency measurement of 42 world economies on
effect of technology innovation had revealed that only best practiced firms can adopt and make use of
new technological adoption at higher rate rather than others. Decomposition of TPI also suggested that
there was no significant difference in efficiency changes compared to technological innovation in
economy. Authors argued that a positive unit TPl change can maximize the level of output and shift the
economy at higher frontier. Looking at the size orientation and productivity of firms, Schiersch (2012)
filled the gap of size-efficiency relationship studying more than 22,023 observations of German
mechanical engineering industry. Study revealed that comparatively small and large companies are
efficient ones and medium ones are mostly inefficient. Their findings also suggested that a U-shaped
relationship has been observed in case of size-efficiency relationship unlike the simple increasing shape
found in earlier studies. Worldwide, a big number of researches have been conducted using DEA to test
TPI growth. Mahadevan (2002) tested TPl of Malaysian manufacturing industries from 1981 to 1996.
Technical efficiency and scale efficiency have been analyzed and found a positive growth scoring 0.8%
annually. Literature supported that this poor change has been driven by technological changes. Din,
Ghani, and Mahmood (2007) examined the efficiency of Pakistani large-scale manufacturing industry.
They used both parametric and non-parametric frontier techniques. They covered data between 1995 and
2001. Only a little increase in efficiency level has been observed in both results. The study used Capital
and Labor as input and Industrial and non-industrial cost as output. Here, industrial cost explains
operating cost and Non-industrial cost contains intangible and non-operating costs.

Overtime, a growing concern has been observed in Total Factor Productivity growth calculation for
efficiency measurement. Kartz (1969) argued that technological changes and innovation have a
significant role in productivity changes. His study covered TPI in Argentina over the period of 1946 to
1961 and identified improvement in labor productivity in manufacturing sector. Jajri and Ismail (2007)
calculated the efficiency of Malaysian manufacturing sector over a period of 1985 to 2000 using Data
Envelopment Analysis (DEA) technique with two inputs; labor and capital expenditure (Fixed Asset), and
a single output i.e. value added sales price. Their findings suggested that technical efficiency is the major
contributor in Total Factor Productivity. An upward trend of technological change was also highlighted
except in the textile industry. Most of the empirical studies on efficiency management have revealed that
efficiency of pharmaceuticals industry is in positive relation with size, good governance, technological
innovation and business nature (Anesary et al., 2014; Mazumdar & Rajeev, 2009; Saranga & Phani,
2004). Poor relationship has been identified between geographical region, model of analysis, time frame
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and efficiency (Azam & Richardson, 2010; Centre, 2007; Hossain et al., 2014). In line with this, present
study attempts to explore the case of Bangladeshi Pharmaceuticals industry.

RESULTS AND DISCUSSION

Table 1 and 2 explain efficiency scores of all 14 selected pharmaceutical companies over the period 2009
to 2013. Based on Malmquist index analysis proposed by (Fare et al., 1994), productivity of a decision
making unit is evaluated based on the value of one. A value more than unity explains the positive TPI
growth of that decision making unit (DMU) for the time (t+1) compared to time (t).

Table 1: Malmquist index summary of annual meang2009 2013)

year TEC TCH PE SE TPI

2009 0.944 1.266 1.022 0.924 1.196
2010 0.761 1.347 0.926 0.822 1.024
2011 0.877 1.151 0.755 1.161 1.009
2012 1.427 0.696 1.319 1.081 0.994
2013 0.838 1.225 0.954 0.879 1.027
mean ) 0.9694 1.137 0.9952 0.9734 1.050

Table 1 represents a summary of annual means of Technical Efficiency Change, Technological Change,
Pure Technical Efficiency Change, Scale Technical Efficiency Change and Total Factor Productivity
(TPI) Change for all 14 companies. It is seen from the table that all the companies have inefficiency
within a range of 5.6% to 23.9% in case of Technical Efficiency Change throughout the study period
except for the year 2012. In case of Technological Change, all companies have experienced a negative
efficiency of 31.4% in the same year. Compared to other years, this deficiency is a major breakdown.
Even though, in the following year, companies have restored the capacity and had a 22.5% upward TPI
growth. Turning to pure technical efficiency; companies have experienced a positive growth change in
2009 and 2012. In remaining years, negative efficiency within a range of 4.6% to 24.5% has been
witnessed in the table. A similarly mixed result has also been observed in case of Scale Efficiency Change
of the companies over the study period. Looking at the means, the main source of technical inefficiency in
pharmaceutical industry is scale inefficiency rather than pure technical inefficiency. In total, the Total
Factor Productivity (TPI) growth of the companies found to be positive except for the year 2012 and
within a range of -0.6% to +19%. The overall TPl growth change of the companies is in the order of 4.7%
over the study period.

Figure 1 depicts the line graph of technical efficiency, technological change and total factor productivity
(TPI). The most noticeable criteria are TEC and TCH have followed an inverse pattern throughout the
study period. It is also highlighted here that for both of the trends, the most disruption is occurred in the
year 2012. In aggregate, a regress in TPI is observed from 2009 to 2012 mainly due to consistent fall in
TCH. Results of table 1 present a significant influence of TCH over TPI.
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Figure 1: Changes in TEC, TCH and TPI over the study period (2002013)

Figure 1 depicts the line graph of technical efficiency, technological change and total factor productivity
(TPI). The most noticeable criteria are TEC and TCH have followed an inverse pattern throughout the
study period. It is also highlighted here that for both of the trends, the most disruption is occurred in the
year 2012. In aggregate, a regress in TPI is observed from 2009 to 2012 mainly due to consistent fall in
TCH. Results of table 1 present a significant influence of TCH over TPI. Similar research on Ml and TPI
of (Ahn & Min, 2014; Arjomandi, Valadkhani, & O’Brien, 2014) explain the attachment of TCH with
macroeconomic factors e.g. government policy or restrictions, country specific issues and financial
stability and advancement in technology within the industry. Results from the table 1 explain an
opportunity of further improvement in TPI is attached with the degree of adoption capacity of the industry
with macro-economic external business environment and changes. Moreover, Bangladesh has faced some
economic slowdown in mid of 2012 (Aziz, Janor, & Mahadi, 2013). It is of course a matter of discussion
that what factors may effect on technological changes and by how much?

Table 2 reveals a nutshell of Malmgquist Index Summary of Firm Means which is based on geometric
means over a period of 2009 to 2013. As noted previously, the TPI of all companies observed a positive
growth of 4.7% annually. This change could be higher if Technical Efficiency Change of companies were
somewhere in unit value or positive values. On average, a total 5.5% negative efficiency has been seen in
Technical Efficiency Change of all companies annually. ACI, GLAXOSMITH and RENATA had unit
efficiency change annually. Only RECKITTBEN had a positive Technical efficiency change with a value
of 3.3% annually among the companies. A total of 9 (nine) companies, however, experienced a positive
change in technological efficiency with a range of 5.3% to 36% annually. And 5 (five) companies namely
AMBEEPHA, CENTRALPHL, MARICO, ORIONPHARM and RECKITTBEN have been found
inefficient over the study period. Considering Technological change, all the companies have scored, on an
average, 10.8% positive growth annually. Inefficiency has been observed in both pure technical efficiency
and scale efficiency scoring of about 3% annually. Based on the findings, it is to be recorded that a total
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of 9 companies have been observed with positive Total Factor Productivity (TFP) growth changes.
Among them, ACIl, GLAXOSMITH and RENATA have been found top ranked. Remaining 5 companies
have scored negatively in TPl change with a range of -1.1% to 28.6% annually. The lowest and highest
TPI changes have been observed for AMBEEPHA and ACI respectively.

Table 2: Malmquist index summary of firm means(2009 2013)

Firm TEC TCH PE SE TPI
ACI(ACI Limited. ) 1.000 1.360 1.000 1.000 1.360
AMBEEPHA( Ambee Pharma ) 0.917 0.778 0.993 0.923 0.714
BEACONPHAR( Beacon Pharma. Ltd. ) 0.866 1.358 0.880 0.984 1.176
BXPHARMA( Beximco Pharma) 0.936 1.214 1.000 0.936 1.136
CENTRALPHL( Central Pharma. Ltd. ) 0.939 1.053 0.963 0.975 0.989
GLAXOSMITH( Glaxo SmithKline ) 1.000 1.300 1.000 1.000 1.300
IBNSINA( The Ibn Sina ) 0.940 1.180 0.941 1.000 1.110
LIBRAINFU( Libra Infusions Limited ) 0.976 1.085 0.984 0.992 1.059
MARICO( Marico Bangladesh Limited ) 0.917 0.855 0.993 0.923 0.784
ORIONPHARM( Orion Pharma Ltd. ) 0.878 1.075 0.915 0.959 0.943
PHARMAID( Pharma Aids ) 0.932 1.128 1.000 0.932 1.051
RECKITTBEN( Reckitt Ltd. ) 1.033 0.951 1.054 0.980 0.982
RENATA( Renata Ltd. ) 1.000 1.245 1.000 1.000 1.245
SQURPHARMA( Square Pharma. Ltd. ) 0.915 1.123 1.000 0.915 1.028
Geometric Mean 0.945 1.108 0.979 0.965 1.047

The geometric mean of TEC, PE and SE has significance. In this part we will highlight the main sources
of inefficiency in pharmaceutical industry. As discussed earlier, TEC can be decomposed into PE and SE.
In table 2, 2.1% of overall pure inefficiency is described by the overall technical inefficiency of 5.5%.
This surely means that the internal management of the selected companies is responsible for such
inefficiency. And the remaining inefficiency of TEC is described by scale efficiency which means there is
a possibility of been performing inefficiency just because of sub-optimal scale size. Out of 14 firms, equal
numbers of firms are in best practice frontier and in inefficient area. In case of SE, a value of 1 denotes
company’s presence in the line of long term average cost curve. SE value of less than one explains the
firms’ inability of run with appropriate size and direct relation with technical inefficiency. Among the 14
firms, only 3 (three) companies are in most productive scale size scoring with value with one. Remaining
companies have scale inefficiency from a range of .08% to 8.5%.

CONCLUSIONS

This study has contributed the literature by filling a gap between the knowledge of existing industry
growth and its true productivity. The findings have indicated an average positive productivity change in
Bangladeshi pharmaceutical industry over the study period from 2009 to 2013. Results from the model
explain the marginal productivity improvement is only due to technological changes of the industry
through the adoption and development of new technological aspects within the companies. The overall
technical efficiency has regressed. The decline in efficiency is likely to be due to the widening of the
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efficiency gap among pharmaceutical with less efficient companies moving further away from the
frontier. The reasons for the increased dispersion of performance are not apparent but may indicate
several things. The dispersion may be due to the strong influence of external environment e.g. in 2012,
there was political unrest in Bangladesh; export limitations imposed by TRIPS; barriers to diffusion of
innovation and the absence of successful mergers and acquisitions among the inefficient companies. The
latter indicates that efficient reorganization is not taking place in the industry.

It is seen that a majority of the big pharmaceutical companies in Bangladesh are experts in process patent
activities rather in product patent. Such industry condition can easily generate higher profile in production
and sales. However, achieving sustainability in long run using automation and purchase of patent may not
be possible. In over the last two decades, it is found that both medium and big size companies have leaned
on introducing automation in their existing product plants, improving them in nothing but production.
Even though, with such increase of production and sales, the cost for production did not change
significantly. Apart from this, Bangladesh can only enjoy the special facility on raw materials import at
reduced price until 2016. Post 2016, Bangladesh must pay at least 40% extra compared to the present cost
for this purpose. Existing literature supports that only two companies have been investing on research and
development on patent development and raw material production. Major researches show that
establishing sustainability and productivity of pharmaceutical companies depend on “Product Patent”
rather than “Process Patent”. Without establishing self-dependency on production and innovation of raw
materials, this bright manufacturing sector may face absolute shock in next short time.

The convergence of efficiency towards the frontier can be achieved by learning the practices of peer units,
strengthening incentive schemes to improve efficiency, controlling the reorganization of the industry,
removing barriers to exporting, and stimulating research and innovation.
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ABSTRACT

As far as this study is concerned, there is no existing studies had measured the aggregate index of ASEAN
environmental performance. The assessment ofeffiviency performance is important as it provides sound
information to the policy makers to improve the design of their environmental policies at upholdirigriong
sustainability of a nation. Employing data envelopment analysis (DEA) method, the rethiksstiidy reveal that

smaller economies such as Laos, Cambodia and Brunei are found to be environmentally efficient. With respect to
economic efficiency, larger economies such as Malaysia, Indonesia, the Philippines and Singapore are found to be
more effcient than the smaller countries (except Brunei). The findings further discover that technical progress
mostly explain the overall environmental performance growth while the relative efficiency changes have been minor
throughout the study period of 19902008.

Keywords environmental efficiency; ASEAN; data envelopment analysis

INTRODUCTION

Economic production consists of inputs or factors of production, desired outputs and undesired outputs.
While desired outputs refers to end products, undesired outputs refers to the emissions to the
environment. It has been suggested that the resource use can be halved despite doubling the wealth of a
nation by improving the eco-efficiency or resource productivity by a factor of 4 (von Weizsacker et al,
1998); a factor of 10 (Alt, 1997) and by a factor of five (von Weizsacker et al., 2009).

Eco-efficiency denotes the ability of firms, industries, or economies to produce goods and services with
less impacts on the environment and less consumption of natural resources, bridging over economic and
ecological issue. As far as efficiency is concerned, efficiency is defined as the proportion of the maximum
output that can be attained by using the best production tecniques to the actual output or the capacity of
the firms to produce the maximum output that is possible with the available technology; while eco-
efficiency refers to the combination concept of economic and ecological efficiency.

Eco-efficiency refers to the capability to maximize the production of goods and services which causes
pollution to the environment but by utilising the minimum requirements of natural resources. Eco-
efficiency increases by ‘activities that create economic value while continuously reducing ecological
impact and the use of natural resources’ (DeSimone and Popoff, 1997, p. xix). The concept of eco-
efficiency can be traced back to 1970s as the concept of ‘environmental efficiency’ (Freeman et al,
1973); Schalteggar and Sturm (1990) were first to coin the ‘eco-efficiency’ term.

The essential theory underlying eco-efficiency is to create a higher economic efficiency with fewer
resources and less pollution. The concept of eco-efficiency has received significant attention and risen
due to two reasons: firstly, the increasing environmental pressures of firms’ activities which is subject to
more rigorous environmental legislation (Kortelainen and Kuosmanen, 2005) and secondly, the
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environmental actions taken by firms would reflect their reputation to public and their financial
performance as well (Konar and Cohen, 1997). The environmental performance issue deserves special
attention, as it can give the competitive advantage of a nation (Porter and van de Linde, 1995). Lack of
attention to environmental aspects reduces the profitability of investments as well as contribution to
economic growth.

Developing eco-efficiency index to measure the status and progress of eco-efficiency in the Asian
economy is very important in order to assist policymakers to formulate clear views on the concept of eco-
efficiency and its policy implications. According to Economic and Social Commission for Asia and the
Pacific (ESCAP, 2010), eco-efficiency indicators should be envisioned to respond to several challenges
which are: activity on the environment; effects of economic efficiency; and environmental impacts on
economic productivity and society.

This study attempts to investigate the environmental efficiency performance of Asian countries which
will serve as a conceptual framework to guide policymakers in incorporating green growth elements in
the policy making. The Asian region is composed of various background of economies, thus the proposed
measure takes ito account the uniqueness in the region. The selected Asian countries are members of
ASEAN (Association of South East Asian Nation) countries which are Malaysia, Indonesia, Singapore,
Thailand, the Philippines, Brunei, Laos, Cambodia and Vietnam.

Apparently, there is no unambiguous way to measure eco-efficiency; a considerable number of measures
or indicators have been suggested (see Tyteca, 1996). Most of the indicators are very simple, such as
‘economic output per unit of waste’. Measures or indicators such as the ecological footprint and
sustainability, environmental sustainability index and the environmental performance index focus mainly
on the environment but lacking of attention between environment and the economy. In this context, this
research aims to employ Data Envelopment Analysis (DEA) method to measure the eco-efficiency
performance of ASEAN countries. The rest of the paper is organized as follows. Next section presents
some concepts on eco-efficiency as well as the empirical studies follows by the methodology for the
measurement of eco-efficiency. Subsequently, next section presents the empirical results and follows by
the discussion of the results. Last section provides summary and concluding remark of the paper.

METHODS

DEA is based on the relative efficiency concept; the method was initially proposed by Charnes et al.
(1978) through constant returns to scale model and it was later extended by Banker et al. (1982) via
variable returns to scale model. DEA aims to identify the firms that determine an envelopment surface
against other firms that are not located on the frontier." Both mentioned models rely on the assumption
that inputs have to be minimized and outputs have to be maximized. However, Koopmans (1951) raises a
concern that the production process may also generate undesirable output like pollution or waste. Fare et
al. (1989) has introduced a non-linear programming technique for efficiency evaluation in the presence of

! Originally, Charnes et al.(1978) describe DEA as a mathematical programming model applied to observational
data to obtain empirical estimates of production functions and/or efficient production possibility surfaces that are a
cornerstone of modern economics.
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undesirable outputs. Scheel (2001) proposes some radial measures for efficiency estimation while both
outputs can be desirable and undesirable outputs while Jahanshahloo et al. (2005) consider the case of
production which involves some undesirable factors. Last but not least, Seiford and Zhu (2002) propose a
DEA model in the presence of undesirable outputs to improve the performance via increasing the
desirable outputs and decreasing the undesirable outputs.

This paper employs undesirable outputs in DEA model as proposed by Seiford and Zhu (2004) in order to
estimate the environmental efficiency performance of ASEAN countries. Under the assumption of
variable returns to scale (VRS) model, the efficiency scores can be obtained by calculating the following
linear programming problem:

max h

B aw i wh

B daw i — ¢h

B & ph

a Th i=1,..,n, (1)

where X, and y, represent the input and output vectors of DMU, under evaluation. This model is an output
oriented model. As the outputs represent desirable and undesirable outputs; the approach wishes to
increase the good (Y?) output and to decrease the bad (Y®) output. In the standard VRS model (1), both Y?
and Y® should increase to improve the performance. Fare et al. (1989) modify the model (1) into the
following equation:

max 1

B ao i  oh

B aw i 3w h

B & i -woh

B & ph

a mh j=1,...,n. )

Based upon classification invariance, the alternative model (2) can be developed to preserve the linearity
and convexity in DEA. First, each undesirable output is multiplied by “-1” and then a proper translation

vector w to let all negative undesirable outputs be positive, the data domain becomes w U

T8The model (1) now becomes the following linear program:

max h

B daw @h
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B a ph
a Th j=1,...,n, 3)

Equation (3) expands desirable outputs and contracts undesirable outputs as in the non-linear DEA model

).

RESULTS AND DISCUSSIONS

The environmental efficiency performance of ASEAN countries are computed by employing the
undesirable outputs DEA model. Table 1 below provides the descriptive statistics for the inputs and
output variables. The countries investigated with the abbreviations are as follows: Indonesia (IDN),
Malaysia (MAL), Singapore (SIN), the Philippines (PHI), Thailand (THA), Brunei (BRu), Laos (LAO),
Cambodia (CAM) and Vietnam (VNM).

Table 1 Descriptive statistic for inputs and output

Labor Capital stock Carbon dioxide GDP (million
(1, 000 persons) (million dollars) (million tons) dollars)
Max 117 848 1535180 110 725 918 880
Min 107 2380 64 4 652
Mean 24 631 402 911 23938 193 768
s.d. 29 959 453 051 26 409 207 348

Note: * refers to standard deviation

Table 2 shows the environmental and economic efficiencies in in the ASEAN economies. It is important
to highlight that the efficiency scores for both categories cannot be compared directly as the models
consist of different variables. Nevertheless the results could provide the indication of the environmental
efficiency performance of these countries relatively with the economic performance. The efficiency
scores computed by DEA model tend to increase with the number of outputs and inputs. Table 2 reports
the environmental and economic efficiencies in these economies.

Interestingly, the results from Table 2 above show smaller economies such as Laos and Cambodia,
follows by Brunei are environmentally efficient while the larger economies i.e. Malaysia, Indonesia and
Thailand are top three of the worst performers in terms of environmental performance. Even though the
efficiency scores for environmental and economic performance cannot be compared directly, it is
noteworthy that the smallest economy i.e. Brunei is the best performer for economic efficiency while
Brunei is at the third rank of environmental efficiency. A country such as Singapore is ranked at the
fourth rank for both economic and environmental performance. This result suggests that can reduce its
carbon dioxide emissions by 5% to increase its economic performance while in terms of economic
performance; Singapore should be able to produce additional of 25% of its total output.

Table 2 Environmental efficiency performance of ASEAN countries (1992008)
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Country Environmental Rank Economic Rank
efficiency efficiency
Indonesia 1.22 8 1.22 3
Malaysia 1.16 7 1.17 2
Philippines 1.06 5 1.25 4
Singapore 1.05 4 1.25 4
Thailand 1.25 9 1.26 6
Brunei 1.01 3 1.08 1
Cambodia 1.00 1 1.27 7
Laos 1.00 1 1.62 9
Vietnam 1.15 6 1.32 8

Table 3 is intended to give an overview on the proposition that the size of economy is inversely related
with the environmental performance by including other four larger countries (China-CHN, India-IND,
South Korea-KOR and Japan-JPN) than ASEAN countries in the analysis. However, these results need to
be treated in caution as there are no statistical inference tests taken to validate the proposition. The results
from Table 3 suggest that the additional two larger economies are located at the bottom rank of
environmental performers. Despite the large size of its economy, China records as the worst performer in
terms of its carbon dioxide emissions. The concern that both of the largest economies i.e. India and
China perform worst in terms of environmental efficiencies is realized with India is ranked at the top
three worst performer while China is the worst performer. China could reduce its carbon dioxide
emissions level by 14% and India should reduce it by 2%. Again, the smaller economies such as Laos,
Vietnam and Brunei outperform other economies with respect to environmental efficiencies. It is
interesting to note that, the results suggest a mixed evidence of the economic efficiency performers. Being
one of the largest economies, India is ranked as the best performer for the economic efficiency follows by
the smallest economy i.e. Brunei.

Table 3 Environmental efficiency performance of ASEAN + 4 countries (1992008)

Country Environmental Rank Economic Rank
efficiency efficiency
Indonesia 1.03 12 1.34 10
Malaysia 1.01 6 1.17 6
Philippines 1.00 1 1.21 8
Singapore 1.00 1 1.19 7
Thailand 1.01 6 1.46 12
Brunei 1.00 1 1.02 1
Cambodia 1.00 1 1.03 3
Laos 1.00 1 1.37 11
Vietnam 1.01 6 1.48 13
China 1.14 13 1.14 5
South Korea 1.01 6 1.31 9
India 1.02 11 1.02 1
Japan 1.01 6 1.08 4

Next, Figure 1 and Figure 2 present the relationships between the environmental and economic
efficiencies scores and GDP per capita. The horizontal axis represents the log GDP per capita while
efficiency scores are represented by the vertical axis. It can be clearly observed from Figure 1 that China
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is located at the unique coordinates; the illustration indicates that despite China is the highest income
level of per capita income but the country is the worst performer in terms of environmental efficiency.
The second and the third highest income per capita earners namely are Japan and India score the moderate
environmental efficiency performance. However, in terms of economic efficiency performance; the lower
income per capita countries such as Vietnam, Thailand and Laos are the top three bottom performers as
shown in Figure 2.

1.20 1.50 ry
VNMTHA
1.15 & CHN 1.40 .
110 1.30 LAO LR KOR
PHI
o ) 120 n 'A'Q MAL  GHN
can v glle %o ®4 P *
1.00 '—m%mﬁ% 1.10 CAM & Jmp
BRU
0.95 1.00 d * o
BRU
0.90 0.90
0.00 1.00 2.00 3.00 4.00 5.00 6.00 7.00 0.00 1.00 2.00 3.00 4.00 5.00 6.00 7.00
Figure 1: Relationship between environmental efficiency and GDP Figure 2: Relationship between

economic efficiency and GDP

CONCLUSIONS

This study examines the environmental and economic performance of ASEAN countries and the results
reveal that smaller countries such as Brunei, Laos, Vietham and Cambodia are more environmentally
efficient than the larger counterparts while in terms of economic efficiency, the larger countries are more
efficient (except the case of Brunei). These findings offer preliminary support to the postulation that the
higher the income of the countries, the higher the pollution endorsed by the nation. Nevertheless, these
results should be treated in a caveat as one needs to validate the findings with some statistical tests. Thus,
this study provides an avenue for future research to examine empirically the link between emission of
pollution and the economic growth of the countries.

ACKNOWLEDG EMENT

Financial support from the Universiti Malaysia Sarawak (UNIMAS) and Fundamental Research Grant
Scheme [FRGS/05(36)/844/2012(84)] are gratefully acknowledged. AIll remaining flaws are the
responsibilities of the authors.

REFERENCES
[1] Alt, F. (1997). Das okologische Wirtschaftswunder. Arbeit und Wohlstand fur all®erlin: Aufbau Verlag.

[2] Banker, R.D., Charnes, A. & Cooper, W.W. 1984. Some models for estimating technical and scale
inefficiencies in data envelopment analysis. Management Scien@®(9): 1078-1092.

[3] Charnes, A. Cooper, W.W. & Rhoades, E. (1978). Measuring the efficiency of decision making units. European
Journal of Operational Researéh 429 - 444.

[4] Charnes, A., Cooper, W.W., Rhodes, E. (1981). Evaluating program and managerial efficiency: An application
of data envelopment analysis to program follow through, Management Scien@7: 668-697

179



[5]

[6]

[7]

[8]

[9]

DeSimone, L.D. and Popoff, F. (2000). Eco-efficiency:The Business Link to Sustainable Developmighi
Press.

Economic and Social Commitment for Asia and Pacific (ESCAP) (2010), Preview Green Growth, Resources
and Resilience, Environmental Sustainability in Asia and the Pacific,
<http://www.unescap.org/esd/environment/flagpubs/GGRAP>

Freeman, M.A., Haveman, R.H., Kneeve, A.V. (1973). The Economics of Environmental Polidghn Wiley &
Sons: New York.

Konar, S. and Cohen, M.A. (1997). Information as Regulation: The Effect of Community Right to Know Laws
on Toxic Emissions. Journal of Environmental Economics and Managenigdsavier, 32(1): 109-124.

Koopmans, T. C. 1951. An analysis of production as an efficient combination of activities. In Koopmans, T.C.
(ed.). Activity Analysis of Production Andldcation. New York: Wiley.

[10] Kortelainen, M. and Kuosmanen, T (2005). Measuring Eco-Efficiency Of Production: A Frontier Approach.

EconWPA Working Paper, Washington University, Wustl 0111004.

[11]Porter, M.E. and van der Linde, C. (1995). Toward a New Conception of the Environment-Competitiveness

[12] Scheel, H. (2001). Undesirable outputs in efficiency valuations. European Journal of Operational Research

Relationship. Journal of Economic Perspective@): 97-118.

132: 400-410.

[13] Seiford, L.M. and Zhu, J. (2002). Modeling undesirable factors in efficiency evaluation. Applied Mathematics

and Computatiori56: 19-32.

[14] Tyteca, D. (1996). On the measurement of environmental performance of firms - A literature review and a

productive efficiency perspective. Journal of Enviromental Managememn$6 (3): 281-308.

[15]von Weizsacker, E.U., Weizsacker, E.U., Lovins, A.B. and Lovins, L.H. (1998), Factor Four: Doubling

Wealth, Halving Resource Udgarthscan: London, England.

[16]von Weizsacker, E.U., Hargroves, C., Smith, M.H., Desha, C. and Stasinopolous, P. (2008). Factor

Five: Transformingthe GlobalEconomythrough 80% Improvements in Resource Productivifgrthscan:
London, England.

180


http://www.unescap.org/esd/environment/flagpubs/GGRAP

181



ESTIMATING COST EFFI CIENCY (CE) AND ALLO CATIVE EFFICIENCY
(AE) OF THE FLOUR MI LLS OF THE GRAIN SILOS AND FLOUR MILL S
ORGANISATION (GSFMO) IN SAUDI ARABIA

JABER ALYAMI
Division of Agricultural and Environmental Sciences, School of Biosciences, University of Nottingham, UK

STEPHEN RAMSDEN
Division of Agricultural and Environmental Sciences, School of Biosciences, University of Nottingham, UK

PAUL WILSON
Associate Professor of Management and Director in the Rural Business Research Unit. Division of Agricultural and
Environmental Sciences, School of Biosciences, University of Nottingham, UK

ABSTRACT

Even though the Grain Silos and Flour Mills Organisation (GSFMO) is a monopoly milling organisation in Saudi
Arabia, the organisation has been encountering financial difficulties for a number of years despite the financial
support received from the Sautliabian Government. Furthermore, there is a variation in the human and machine
productivity between all branches, as well as rising the costs over time. The aim of this paper is to estimate Cost
Efficiency (CE) and Allocative Efficiency (AE) of flour mitif the GSFMO (1992011), using Data Envelopment
Analysis (DEA) and explain variation in efficiency levels between the flour mills. In terms of the findings estimated
using DEA approach, this paper shows that the m@Brand AE under constant returnsdcales (CRS) reached a
minimum of 53.9% and 56.76% respectively in Qassim branch and a maximum of 63.13% and 66.51% respectively
in Riyadh branchln addition, under inpubriented variable returns to scales (VRS), the mean CE and AE was also
the same witlthe lowest in Qassim (56.29% and 58.55% respectively) and the highest in Riyadh (67.67% and
70.24% respectively) during the period 1990 to 2011. The results show that there is a significant scope to reduce
inputs costs in the production process.

Keywords Cost Efficiency; Allocative Efficiency; Data Envelopment AnalyG@)stant Returns to Scajégariable
Returns to Scales.

INTRODUCTION

The GSFMO is one of the main manufacturing and strategic industries with a crucial role to play in the
Saudi food security. The organisation is responsible for the milling industry and aims to prepare wheat,
which is one of the most vital commaodities, for human consumption (GSMFO, 2010).

Analysing the current situation of flour mills in the GSFMO, a number of issues have been identified,
including the monopoly of the organisation of the milling industry in the Kingdom of Saudi Arabia and
the wide variation in performance, as well as the financial losses incurred each year despite the
governmental annual support. Similarly, while the silos’ storage capacity has remained the same, the
amount of wheat used has increased.

The imbalance between storage capacity of the silos and the amount of wheat used across all branches has
led to an increased movement of wheat between the branches, resulting in extra transportation costs for
the organisation and a rise in the average unit cost of producing flour.
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In addition, there has been a constant upward trend in the cost of flour production, with increases in the
average costs of salaries and wages, operating costs, and maintenance costs per tonne of flour produced
over the 1988-2011 period. Naturally, this increase in the unit cost of flour means reduced economic
efficiency of the GSFMO’s mills. This may then require a re-evaluation of the capital assets of the
organisation and the operation of the resources used in the milling industry in order to improve cost and
allocative efficiency. In recent years, the Saudi Arabian government has pursued a policy of economic
reform and structural change, including the privatisation policy of the GSFMO, allowing the private
sector access into the milling industry in 2003. However, in light of the losses incurred by the
organisation, the private sector has not ventured into the industry, and consequently the GSFMO is still
under the management and control of the state.

Previous studies exploring variation in technical, economic (cost) and allocative efficiency within the
agricultural, food production industries and the service used Data Envelopment Analysis (DEA) (Banker
et al., 2004; Coelli et al, 2002; Begum et al.,2009; Fang and Li, 2013; and Islam et al.; 2011). This paper
aims to estimate CE and AE of the flour mills and explain variation in this efficiency. The specific
objectives are:

1. To measure the CE and AE of the GSFMO's branches, using Data Envelopment Analysis (DEA) and
to explain variation in efficiency levels.

2. To provide recommendations and policies to improve the financial situation and operation of the flour
mills.

METHODS

This paper uses primary data (interviews with branch managers) and secondary data published by the
GSFMO during 1990-2011, specifically the reports issued by the management of internal controls and
mills’ records of the 22 mills which are distributed over nine branches; namely, Riyadh, Qassim, Hail,
Jeddah, Tabuk, Aljouf, Dammam, Almadinah and Khamis Mushayt. The paper uses three inputs (price of
wheat, cost of machine hours, and cost of man hours) and one output (price of flour).

The DEA (Farrell, 1957) approach to estimating CE and AE has been used when measuring efficiency of
the flour mills under CRS and VRS input orientated assumptions. This is because the flour price is fixed
by the government to provide the population with reasonably low-cost flour. Since the price is fixed,
estimating CE and AE under output orientated assumptions is not important for the organisation. DEA
analysis was undertaken using PIM Software and pooled data in this paper.

RESULTS AND DISCUSSION
Mean CE and AE of all Branches Using DEAlanCRS and VR&put orientated

As shown in Table 1, under CRS, Riyadh branch has the highest CE in flour milling (63.13%). This
means that the Riyadh branch could have achieved the same level of production while reducing costs by
36.87% during the period 1990 to 2011. In contrast, Qassim branch has the lowest CE (53.9%), which
indicates that the Qassim branch could have reduced costs by 46.1%. Under VRS input-orientated
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approaches, the CE of the GSFMO branches ranged from a minimum of 56.29% in the Qassim branch to
a maximum rate of 67.67% in Riyadh during the period between 1990 and 2011.

As identified by the results Table 1, Riyadh branch is also highest in AE under CRS (66.51%), while
Qassim branch has the lowest AE (56.76). In terms of VRS input-orientated, AE of the GSFMO branches
ranged from a minimum of 58.55% in Qassim and a maximum of 70.24% in Riyadh. Similar to Islam et
al. (2011), the results show that there is significant scope to reduce inputs costs in the production process.

Table 1: Mean CEand AE for all branches under CRS and VRSinput orientated

Branch CE under CRS  AE under CRS CE-VRS input AE-VRS input
orientated orientated
Riyadh 63.13 66.51 67.67 70.24
Jeddah 62.33 64.98 65.94 67.63
Dammam 58.19 61.28 60.95 63.27
Qassim 53.9 56.76 56.29 58.55
Khamis 56.77 60.26 58.88 61.65
Tabuk 56.87 60.1 59.22 61.79
Almadinah 56.35 59.52 58.68 61.21
Hail 55.61 58.74 58 60.52
Aljouf 54.75 57.83 57.39 59.87

CE AND AE UNDER CRSFOR ALL BRANCHES

An estimation of the CE and AE for all branches provides some interesting findings. Under CRS, CE in
Riyadh branch ranged from a minimum of 36.32 % in 1999 to 100% in 2005, implying that it could have
reduced production costs by 63.68%. Overall, there was a decline in the CE of the Riyadh branch between
1998 and 2002, followed by an improvement between 2003 and 2005, reaching 100%, only to decrease
again to 65.19% in 2006.

AE in the Riyadh branch under CRS ranged from a minimum of 39.03% in 2000 to a high of 100% in
2005. This indicates that in 2000 the Riyadh branch could have reduced production costs by 60.97%.
Generally speaking, there has been a decrease in AE of the Riyadh branch during the period under study,
except in 2010 to 2011, when it reached 100% in AE.

As for the CE and AE of the Jeddah branch under CRS, it ranged between 50.53% and 54.84%
respectively in 2011 and a high of 75.75% and 78.39% in 2007, respectively.

It should be noted, however, that as branches that have been operating for a long time, Dammam and
Qassim branches suffered more inefficiency compared to Riyadh, Jeddah and Khamis branches. The CE
and AE of Dammam branch ranged from a minimum of 29.21% and 32.2%, while the maximum were
57.73% and 61.42%, respectively. Qassim branch performed worst compared to long-established
branches since it had the lowest CE (28.88%) and AE (31.81%).

It was also found that the only medium-established branch; namely Tabuk, performed in line with the
longer-established branches like Riyadh, Jeddah and Khamis with CE and AE at around 33% and 35%
respectively, with its best performance in 2001 when the cost inefficiency was only 23.36%.
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CE was the lowest in new branches in year of establishment (2008), such as Hail (19.88%) and Aljouf
(1.48%). These low CE scores show that there is a large opportunity to reduce production costs (Figure
1).
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Figure 1: CE under CRS and VRS input- orientated for all branches (20082011)

CE AND AE UNDER VRS INPUT-ORIENTATED FOR ALL B RANCHES

As in CRS input-orientated, under VRS input-orientated, there is a slight variation between CE and AE
scores. For example, CE in the Riyadh branch reached a low of 36.87%. However, the Riyadh branch
achieved 100% CE in 2005, 2010 and 2011. Regarding AE, Riyadh branch reached a minimum of
39.11% in 2000, with the same branch achieving full AE (100%) in 2005, 2010 and 2011.

Estimating CE and AE in Jeddah, this varied from a minimum of 50.53% and 53.33% in 2011
respectively to a maximum of 100% CE and AE in 2007. However, under VRS, the Qassim branch had
the lowest CE (28.34%) and AE (29.39%) in 2009. Even if Qassim branch had reached 100% TE in 2009,
the increased production costs would have been 70.61% in 2009 since its AE was 29.39%. For the
Dammam branch, the lowest CE and AE under VRS input orientated were 30.01% and 32.97% for CE
and AE in 2010, respectively.

Although relatively better performing than the Dammam branch, the Khamis branch also had the lowest
CE and AE in 2010 where CE and AE stood at 47.45% and 49.65% respectively. In Khamis' best year,
2005, CE and AE both stood at 91.23%. The Tabuk branch also had its lowest performance in 2010,
where CE and AE scores were 35.43% and 37.7% respectively. This branch had its best years in 1998 and
1999 where CE and AE were 100% for both years, and also 100% CE and AE, where production was
achieved at the minimum production costs possible.

In newer branches, the performances are generally low. There is little difference between their
performance in their best and worst years during the 2008-2011 period. Almadinah, Hail, and Aljouf
branches all had cost inefficiency of around 60%-67% in their worst year and 54%-63% in their best year.
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All these figures show that there is large cost inefficiency in the newer branches as well as in the older
branches (Figure 2).
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Figure 2: AE under CRS ard VRS input - orientated for all branches (20082011)

CONCLUSION

This paper provides some valuable contributions to the DEA literature in terms of using allocative and
cost efficiency, particularly as the is a dearth of efficiency studies on agriculture in Saudi Arabia and none
relating to the milling industry. As such, this paper is the first to examine the milling industry in the
Kingdom. Estimating allocative and cost efficiency has demonstrated where the greatest improvements in
performance are potentially achievable in the GSFMO to enhance efficiency and also assist the national
economy in general.

Using the PIM software in the DEA analysis, input-oriented CE and AE were estimated under the
specifications of CRS and VRS. As expected, under CRS, DEA yielded lower CE and AE scores than
VRS. For example, the mean CE and AE under CRS reached a minimum of 53.9% and 56.76%
respectively in Qassim branch and a maximum of 63.13% and 66.51% respectively in Riyadh branch. In
addition, under input-oriented VRS, the mean CE and AE was lowest in Qassim (56.29% and 58.55%
respectively) and the highest in Riyadh (67.67% and 70.24% respectively) during the period 1990 to
2011.

Based on the aforementioned results, there is scope for production costs to be reduced. One of the reasons
for the losses incurred by the organisation can be ascribed to the low CE and AE in all branches. This
paper highlights the need for the GSFMO to strive to lower its production costs guided by the targets
calculated from DEA in each branch.
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ABSTRACT

Islamic Republic of Iran has 8 international airports. This paper reports the performance evaluation of these
airports in the end of forth developmegaian of Iran in 2009 by applying Kourosh and Arash Model (KAM) in Data
Envelopment Analysis (DEA). The area of airport, apron, terminal and runway are considered as inputs and the
number of flights, the number of passengers and cargo are three selegats doit each airport. Several scenarios

are considered to rank and benchmark these airports without concerning about the number of airports. In other
words, the scenarios are when inputs/outputs are controllable, when some of them-amntnoliable andwhen

the number of flights and passengers are restricted to the set of integer numbers and so on while the number of
inputs and outputs are approximately the same as the number of airports. The results of these scenarios not only
show the robustness of Kito assess the performance evaluation of Decision Making Units (DMUSs), but they also
suggest the best international airports of Iran in 2009 as well as rank and benchmark them for each.scenario

Keywords DEA; KAM; Airport; Ranking Benchmarking

INTRODUCTION

Kourosh and Arash Model (KAM) is a recent robust model proposed by Khezrimotlagh et al (2013a, b)
in order to improve Data Envelopment Analysis (DEA), proposed by Charnes et al. (1987), in estimating
efficiency scores of Decision Making Units (DMUs) as well as their benchmarking and ranking. A review
on KAM can be found in Khezrimotlagh et al. (2012a-f, 2013a-¢).

In this paper, an applicable study is illustrated on airport efficiency in order to illustrate how KAM is able
to measure the efficiency scores of DMUs while the number of DMUs is close to the number of variables.
In the first scenario, the data is considered as real data and in the second scenario, the first two outputs are
restricted to the set of integer numbers. For the last scenario, the inputs are also considered as non-
controllable in order to increase the constraints, and depict robustness of KAM to find the best
performers.

AIRPORTS

An international airport is an airport that offers customs and immigration facilities for passengers arriving
from other countries. Such airports are usually larger, and often feature longer runways and facilities to
accommodate the heavier aircraft commonly used for international and intercontinental travel.
International airports often also host domestic flights (flights which occur within the country), to serve
travelers to and from these regions of the country. The Islamic republic of Iran has 8 international airports
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called OIFM, OIIE, Olll OIKB, OIMM, OISS, OITT and OIZH. The area of airport, apron, terminal and
runway are considered as inputs and the number of flights, the number of passengers and cargo are three
selected outputs for each airport. There is a good number of studies on airport efficiency which can be
seen in (Lozano and Gutierrez, 2011).

DISCUSSION

The number of DMUs in comparison with the number of variables are close in this practice. According to
literature of DEA, since the number of variables are 7, the number of DMUs should at least be more than
21, whereas it is only 8 airports. Previous suggestions may say to add data of several years in order to
increase the number of DMUs in comparison with the number of variables. However, the inputs of
airports are usually constant during the years and such suggestion is not suitable. Moreover, a manager,
who has one year experience, would hope to know whether its firm does the job right.

The current methodologies are not able to assess the performance of these airports. For instance, all
conventional DEA models identify these airports as technically efficient DMUs in Variable Returns to
Scale (VRS) technology (Banker et al., 1985). However, KAM is easily able to distinguish between these
airports appropriately, as can be seen in the results section.

On the other hand, the number of passengers and flights are integer and the model should suggest integer
targets for benchmarking these variables. Adding such constraints makes the Production Possibility Set
(PPS) becomes smaller, and increases the number of technically efficient DMUs. This can be continued
when the inputs are considered as non-controllable variables which surely increases the number of
technically efficient DMUs. However, KAM in all these situations is able to distinguish between
technically efficient DMUs which shows the robustness of KAM in comparison with current non-
parametric and parametric technologies.

K OUROSH AND ARASH M ODEL

Let us mark OIFM, OIIE, Olll OIKB, OIMM, OISS, OITT and OIZH by $ - 5 a plgisdy , input
variables “the area of airport, apron, terminal and runway” by & "Q pltioft , and output variables “the
number of flights, the number of passengers and cargo” by @ Q pltlo , respectively.

Since the weights of variables are unknown and there is no zero value in data, let us define, 0 pfw ,
0 pfw ,for'Q pltlol, Q plglo, and a  ph Fed

Assume that § -k -h KRB R , where- -®, and - -w , for Q

pltioft, Q@ plgho, and & plghady Here - N s and it is define as 0.00001 in this paper. The scores of

KAM are called with --Degree of Freedom (DF) or 0.00001-DF (See Khezrimotlagh, 2014). KAM in
VRS is as follows when - 1@t t i1 P

AT T  To i o  To i To i 7o, Q)
Subject to

_® _ W W W @ W _ o0 _ o i W TBINTN@,
_® _0 _0 _®O _®0 _o0 _o0 _w i W TBIMTNN@,
_® _ W W @ @ W _® w i W TEBINMTN@,
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(A [H) () () () @  _® () i W TEIMONN@ ,
_0  _0 _0 _0 _® _®0 _0 _ o0 i W TEIMNN@ ,
_0 _0 _0 _0 _® _0 _0 _0 i W TEIMON@,
_ 0 W _ W (%) (%) W _ W () i W TEIMONN@ ,
= = = = = = = = P,

T, _ T, _ T, _ T, _ T, _ T, _ T, _ T,
i T Tt | Tt | Tt | T | T | T

After finding the optimum of slacks, the following targets of Equation (1) are on the real Farrell frontier:

W O i° mnhnne,
¢ o i mnhnne,
¢ ® i° mnhnne,
W O i mnnne,
W i mnnne,
w W i mnnne,
g 0 i° minnmneg.

If it is supposed that the first two outputs, the number of passengers and the number of flights, are
restricted to the set of integer numbers, KAM is as follows (Khezrimotlagh et al. 2013b, d):

AT | T (T | To ( To i 7o i To, (2

Subject to

W W W W W W _ W w i W TEHIMNANE,

_®0 _0 _®0 _® _® _0 _0 _o i W TBINMTN@,

_0 _0 _®0 _0 _®0 _n _0 @ _ o i W TN,

_®n _0 _® _® _® _0 _0 _o i W TBINMTN@,

w0 _0 _®0 _0n _w _0 _w _ w0 i W TRINMNT@,

_w _0 _0 _w0 _0 _o @ w i W TBINMTNN@,

_w0 _0 _w _w W _w _ 0 _w i W TRITMNT@ ,
_ _ - _ _ p,i Nd, i Ny,

_ T, _ T, _ T, _ T, _ T, _ T, _ T, _ T,

i T T | T i TT,

i T | T | T

After finding the optimum of slacks for Equation (2), since the two first output constraints are restricted to
the set of integer numbers, the target values may not be on the real Farrell frontier, but they are very close
to the Farrell frontier with 0.00001-DF, which are given by:

z

W o i TSI TT T o
o o 7 mrnmpen,
W o i mnmpen,
o o 7 mrnmpen,
w o i 0 i
(AT TS TT T @0 .

Note that: If the values of the first two output components of epsilon, that is, Tt mm @ and
Tt T Tt I @ , are very greater than 1, we have some different alternative decisions according to our
goals. For instance we are able to consider the integer values of them, that is, ot T @ Oand
@t it @ Oin Equation (2), and then calculate the targetsas «f = @ ° G@inm e Gand
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rz ’, rZ

W 0 i et Oltis also possible to replace Tt MMM TLp by Mg in
order to have negligible errors which can be removed clearly.

Now, if it is supposed that the inputs are also non-controllable data, KAM is as follows (Khezrimotlagh et
al., 2012c¢):

A To | To @ To i To i To i To i To, (3)
Subject to

W w W _® w W _® w W TN,
_®0 _0 _0 _® _® _0 _0 _o i W TEBINMTN@,
_®0 _0 _®0 _0 _® _0 _o _ o i W TN,
_0 _0 _e _® _® _0 _ 0 _o i W TEBINMTN@,
_w _0 _0 _®0 _0 _0 _0 _w i W TBIMTN@,
_w _0 _0 _®0 _0 _0 _0 _w i W TBIMTNN@,
_0 _0 _0 _® _0 _0 _w w i W TBINMTN@,
- = = = = = = - P,
i No, i Ny,
i TBINNT@ ,i TBINMNT@ i TMINnNI@ , i TINNTE ,
_ T _ T, _ T _ T, _ T, _ M _ T, _ T,
i T, T, T, TT,
i T | T | T

Note that, since the inputs are non-controllable data, KAM just considers negligible errors with 0.00001-
DF and the input slacks can at most be optimized corresponding to the negligible errors. According to the
following targets, user may only consider the same input values for each input target. The values of KAM
targets with 0.0001-DF are given by:

W ® " mnnne,(ord o),

\NZ \ r  Z \ \Z \

0w o i minnne ,(orw ),

NZ Al rZ Al NZ Al

W ow i mMinnne ,(orw ),

\NZ \ r  Z \ \Z \

0w o i minnne ,(orw ),

w w i forw ®w i aBtmmp o O
w w i forw ® i aBtmmp o O
(AT T8 1T 1T 0 .

From the above illustration, KAM provides a flexible methodology to assess the performance evaluation
of DMUs easily according to the available information.

Note that, linear KAM gives the optimum slacks, but may not give the minimum scores (Khezrimotlagh
et al., 2013c). In order to measure optimum scores, it is suggested to use non-linear KAM by the
following objective subject to the constraints of Equation (1) which can be transformed to linear form
easily.
pi i i i
TO O O O
P
o

8

i i

i
P S

In this case, the score of non-linear KAM is always less than or equal to the score of linear KAM. From
this illustration, it does not deduce that the score of linear KAM is always decreasing as epsilon increases.
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But, the score of the above non-linear KAM is always decreasing by increasing the values of epsilons.
When epsilon is zero, the above non-linear KAM is Slack-Based Measure (SBM) (Tone, 2001).

RESULTS

Table 1 shows the used data in this practice as well as the results of BCC and SBM-Non-Oriented-VRS
models.

Table 1: International Iranian Airports in 2009.

DMUs Area Apron Terminal Runway Passengers Cargo Flights Rank by Rank by

BCC SBM-VRS
OIFM 1,041 112,464 21,050 395,730 1,744,524 4,919 39,871 1 1
OlIE 1,200 304,182 45600 353,610 4,030,859 74,184 30,707 1 1
OIKB 481 47,210 9,300 268,995 971,313 3,826 19,010 1 1
oITT 800 41,003 11,800 269,955 1,039,967 1,587 15,608 1 1
OlzH 1,002 30,000 8,000 192,330 427,974 1,574 4,887 1 1
OISS 478 63,000 23,000 389,115 2,165,572 5,414 41,088 1 1
OIMM 503 213,729 38,778 348,120 4,783,120 19,050 46,875 1 1
olll 1,346 503,274 76,370 421,305 11,709,741 39,556 129,153 1 1

Table 2 shows the ranks and efficiency scores of 0.00001-KAM for three mentioned scenarios.

Table 2: Rank and efficiency scores ddirports by linear KAM VRS with 0.00001-DF.

DMU Data are real. The first two outputs are integer. Inputs are non-controllable and the
Rank Scores Rank Scores first two outputs are integer.
OIFM 8 0.999722 8 0.999782 8 0.999853
OlIE 5 0.999981 6 0.999974 6 0.999974
OIKB 4 0.999992 4 0.999995 4 0.999995
OoITT 7 0.999901 5 0.999985 5 0.999990
OIzZH 6 0.999968 7 0.999972 7 0.999974
OISs 3 0.999992 1 0.999997 1 0.999997
OIMM 2 0.999998 1 0.999997 1 0.999997
olll 1 0.999999 3 0.999995 1 0.999997

Note that, as the number of constraints increase, the scores should be also increased. However, the score
of Olll, for instance, is not increasing in Table 2. This is due to our assumptions for targets in each
scenario. Indeed, when the targets are restricted to the set of integer numbers set, linear KAM suggests the
points in the efficient tape with 0.00001-DF which may not be on the Farrell frontier nor in the first PPS,
but it is very close to them by 0.00001-DF. Moreover, the targets are considered the same for each DMU
and therefore, the scores in each column are appropriate to distinguish between airports. If user would
concern about decreasing the scores, and would want to find minimum scores, it is suggested to use non-
liner KAM.

For distinguish between OISS, OIMM and OlIl in the third scenario it is enough to consider one more
decimal digit for each score which are 0.9999972, 0.9999974, 0.9999968, respectively.

CONCLUSIONS

In this paper, a numerical example to depict the advantages of applying KAM is proposed. KAM is able
to distinguish between technically efficient DMUs even if the number of DMUs is less than the number of
variables. Moreover, KAM is flexible to handle different data while the constraints are increased.
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ABSTRACT

In Malaysia, some public universities have been granted a full autonomous afiaich means they have greater
flexibilities in managing their own staff, administrative and financial matters. However, autonomy comes with
biggerresponsibility andaccountability. This has driven the university top management to seek effective strategies
and explore the means of measuring the relative efficiency and productivity of the academic departments within the
institution. This study applies Data Envelopmdmtalysis (DEA) and Malmquist Productivity Index (MPI) to
measure performance of twenty two academic departments of a Malaysian public university during the period 2008
2011. Three inputs used in this analysis are the nurobfedl-time equivalent staff,perating expenses, enrolment

of undergraduates and postgraduates while the three outputs are the number of undergraduate and postgraduate
degrees awarded, total amount of research grasdsuredand number of academic publications by faculty
members. Thexepert sd subjective judgement on the importance
methods in order to obtain more valehd reflectiveresults. The results obtained could help the university
administrators tdoenchmark and plan strategies faaoh academic department on how to improve its performance

Keywords Data envelopment analysidjigher education, Malmquist total factor productivity éxj technical
efficiency changeechnological change

INTRODUCTION
Substantial change and rapid reforms in higher education are taking place in most countries including

Malaysia. The number of students’ enrolment into universities and the number of higher learning
institutions have increased rapidly and tremendously. Malaysia is now becoming a higher education hub
in this region. A large amount of allocation has been located by the Malaysian Government on higher
education. To ensure the competitiveness of higher education, the Malaysian Government has granted
autonomy status to some universities that allow them to manage their own financial, administrative and
academic matters. Therefore, questions on how efficient and productive a university should operate have
become a concern of the policymakers and stakeholders. However, the assessment on efficiency and
productivity in higher learning institutions is not easy due to their complex nature. Firstly, as non-profit
organizations, there are no input and output prices in public higher learning institutions. Secondly,
higher learning institutions use multiple inputs to produce multiple outputs (Johnes, 2006). Data
Envelopment Analysis (DEA) a nonparametric method is capable of evaluating the relative efficiency of a
set of homogeneous organizational units that use multiple inputs to produce multiple outputs. These
homogeneous organizational units are called decision making units (DMUS).
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DEA is commonly applied to evaluate efficiency in single period using cross-sectional data (Abbott,
2003; Agasisti, Catalano, Landoni, & Verganti, 2012; Agha, Kuhail, Abdul Nabi, Salem, & Ghanim,
2011). However, DEA using cross sectional data provides limited information because it can only
estimate efficiency of a DMU at a single time period but fail to estimate productivity changes (Sav,
2012). On the other hand, DEA-based Malmquist Productivity Index (MPI) which uses panel data has
been proven to be a better technique for evaluating productivity changes of a DMU over time (Cooper,
Seiford, & Tone, 2007) .

In DEA method, the weights for inputs and outputs DMU are chosen in such a way that the weights will
result in maximum efficiency score for each DMU assessed. This weight flexibility is an advantage of
DEA because the weights obtained are objective and unbiased. However, this could be a drawback
because the weights derived are sometimes unrealistic where big weights are assigned to unfavorable
factors and small weights are assigned to important factors (Angulo-Meza & Lins, 2002). In other words,
the weights may not be consistent with reality or theory under lying the efficiency of DMU evaluated.
Moreover, in many cases, some factors have zero weights which indicate that the respective factors are
dropped from the efficiency evaluation. This could lead to misleading, unrealistic and nonsensical
efficiency and productivity results (Allen, Athanassopoulos, Dyson, & Thanassoulis, 1997).

The objective of this study is to control the weight flexibility in DEA by incorporating the expert
judgments on the importance of the input and output factors into Malmgquist Productivity Index approach.
This integrated method is then applied to measure efficiency of academic departments of a public
university in Malaysia.

METHODS

In this study, the CCR DEA model is employed to evaluate the relative efficiencies of academic
departments before measuring productivity changes of twenty two academic departments of a public
university over the period of 2008-2011. The output orientation DEA model is more appropriate
approach for this study as it will answer the question ‘by how much the outputs can be maximized
without changing the input level’(Coelli, 1996). Within the university setting, academic departments are
given a fixed quantity of resources (such as academic and non-academic staff, student enrolment and
operating expenses) and they are expected to produce maximum outputs (such as number of graduates,
total research grants and number of publications).

Based on the two main functions of an academic department that are teaching and research, three inputs
chosen in this study are the number of academic and non-academic staff, operating expenses, enrolment
of undergraduates and postgraduates. Meanwhile, the outputs considered are the number of
undergraduate and postgraduate degrees awarded, total amount of research grant and number of
publications by academic staff. Non-parametric Malmquist is then employed to evaluate productivity
growth. Malmquist productivity indexes (MPI) measure the change in academic’s department
productivity from the period of (t) to (t+1). Two important concepts in MPI are ‘catching up effect’ or
technical efficiency change and ‘frontier shift effect’ or technological change. Worthington and Lee
(2008) formulated the Malmquist productivity change index based on output orientation as
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The subscript O indicates an output orientation, M is the productivity of the most recent production point
o o  (using period t+1 technology) relative to the earlier production point @hw (using period t
technology) and ‘O s the output distance functions.

If O p then the results indicates a positive total factor productivity growth or positive performance
occurs between the two periods. Productivity declines or deterioration in performance if 0 p and
remains unchanged if O p.

The equation above can also be written as:
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Malmquist Index productivity in (2) is the product of technical efficiency and technological changes. We
can separate formula (2) into two terms where
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Technical efficiency change (catch-up) can be described as the degree to which an academic department a
DMU improves or worsens its efficiency that is whether an academic department is getting closer or
further away from the efficiency frontier (Flegg, Allen, Field, & Thurlow, 2003). Technological change
(frontier-shift) relates to the change in frontier between the period 6 ando p. It is the result of
innovation or adoption of new technologies by the best practise department. Technical efficiency
increases if OO0 p , decreases if "YOO p and remains unchanged if "YO O p. As for technological
change, FS  p indicates the progress in the frontier technology from period 6to 6 p while the frontier
technology regress or remains unchanged if "OY pand "O"Y p respectively.

As mentioned earlier, the original Malmquist Productivity Index (MPI) Model which is based on CCR
ignores the importance of inputs and outputs. To address this issue, the Assurance Region Model (AR) is
employed where additional constraints are added to the MPI model. For the purpose of this study, only
weight restrictions on the outputs will be imposed.

The relative importance of any two outputs is shown as follows:

”n O EY
0p — s v
h o h
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where 6 & & are the weights for output p and q respectively. O ; and Y are the lower and upper

bounds on the allowable values of weights —.

The next step is to decide how to determine the lower and upper bounds. Analytic Hierarchy Proses
(AHP) introduced by Saaty (1980) will be employed in this research where the experts are required to
compare two factors at a time. This is called pairwise comparison where Saaty nine-point scale is used to
obtain the weights from the university top management. Five members of the university senate were
chosen as the experts.

RESULTS AND DISCUSSIONS

Priorities of the outputs are obtained from the experts using AHP and the results are shown in Table 1.
The last two columns of the table are the minimum and maximum priority given by the experts for the
variables asked.

Table 1: Priorities of the output vectors by the experts

Expertl Expert2 Expert3 Expert4 Expert5 Minimum Maximum
Priority Priority

Number of degrees awarded 0.11111 0.53896 0.20000 0.10616 0.56787  0.10616 0.56787
(o
Total amount of research grants ~ 0.44444  0.29726  0.40000 0.63335 0.09819  0.09819 0.63335
(o
Number of publications (6 0.44444 0.16378 0.40000 0.26050 0.33394  0.16378 0.44444

The lower and upper bounds for the outputs are given in Table 2.

Table 2: Assurance region (AR) for outputs

Weight ratio Lower bound Upper bound

0 76 0.09819/0.56787 0.63350/0.10616
0 76 0.16378/0.56787 0.44444/0.10616
0 76 0.16378/0.63335 0.44444/0.09819

The additional constraints are then added to the standard MPI and the productivity indices of academic
department means for the period of 2008-2011 after weight restrictions are obtained as given in Table 3.

Table 3: Productivity indices of academic department means for the period of 2068011

Name Technological Technical efficiency Total factor productivity (TFP)
change change change
DEPT1 1.15 0.88 1.02
DEPT2 1.32 0.90 1.19
DEPT3 1.30 0.80 1.05
DEPT4 1.30 0.59 0.77
DEPT5 1.37 0.61 0.84
DEPT6 1.23 0.77 0.95
DEPT7? 1.32 0.65 0.86
DEPTS8 1.21 1.09 1.32
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DEPT9 1.26 0.78 0.99

DEPT10 1.00 1.00 1.00
DEPT11 1.40 0.82 1.14
DEPT12 1.15 0.87 1.00
DEPT13 1.19 0.74 0.88
DEPT14 1.41 0.70 0.99
DEPT15 1.17 0.76 0.89
DEPT16 1.26 0.81 1.02
DEPT17 1.21 0.89 1.08
DEPT18 1.28 0.85 1.09
DEPT19 1.19 0.74 0.88
DEPT20 1.27 0.72 0.91
DEPT21 1.19 1.04 1.24
DEPT22 1.13 1.05 1.18
MEAN 1.24 0.81 1.00

As shown in the last row of Table 3, the overall mean for technological change is 1.24. This shows that
almost all departments progressed in technology where the top three departments are Deptld (41%),
Deptll (40%) and Dept5 (37%). On the other hand, the overall mean technical efficiency index for all
academic departments is 0.81 which indicates there is a decrease in technical efficiency by 19%. 18 out
of 22 departments or 81.82% regressed in their mean annual technical efficiency. The top three
departments that regressed in technical efficiency are Dept4 (-41 %), Dept5 (-39%) and Dep7 (-35%). It
is observed that the overall mean for total factor productivity for the whole sector is 1.00 where there is
no change in total factor productivity.

CONCLUSIONS

This paper adopted Malmquist Productivity Index approach to evaluate productivity of 22 academic
departments of a public university in Malaysia during 2008-2011. This method differs from the standard
MPI method because it incorporates expert value judgment. The AHP method is applied to elicit expert
opinions. Based on the productivity results, obviously, technology change is an important contributor that
drives the productivity change for all academic departments over the period studied. With better
technology, users can access information easily and quickly. Hence, this can increase the efficiency of
lecturers, administrators of academic departments. Technology will also result in more research
collaborations between academic departments and industries.
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ABSTRACT

Semiconductor, one of the most important components in the electsgaiem. Inrecent decades, the
semiconductor industry occupies a great position in the support of the reputation of Taiwanesmnietectr
Kingdom. This study is to measure the overall efficiency of both sides of production and markets-gidigead
LeaderFollower model.Our finding, first, higher productive efficiency does not always come with higher market
efficiency. Second, thaverage overall efficiency of DMUs has lower efficiency than stage 1 or stage 2 in this
period. Other results show that either higher productive efficiency or market efficiency may not necessarily bring
out higher overall efficiency. Additiorig) we applying the metafrontier and group frontierso estimate theverage

overall technology gap of Taiwanese semiconductor indu®¥g.found the averageverall technology gap of
TaiwareselC designsectorwas improved, but the averageevall efficienciedag behind compared to the other on
20082011.

Keywords productive efficiency, twetage model, Leaddfollower model metafrontier

INTRODUCTION

Semiconductor, one of the most important components in the electronic system, widely offers industrial
electronic applications downstream. In recent decades, due to the booming demand of the electronic
industry, such as consuming electronics, information and communications products. The semiconductor
industry occupies a great position in the support of the reputation of Taiwanese electronics Kingdom.
However, Taiwanese semiconductor industry has been one of the "Two-trillion and Two-star industry"
which is the plan launched by the government in 2002. Using some effective measure enforced and
improved the technology of production, Taiwanese semiconductor industry was the fourth largest
producing country in the world in 2007.

The Taiwanese semiconductor industry, which has developed a completed and efficient vertical division
of industrial structure since it was listed as a policy point by the government in early times, after years of
operation has developed the upstream raw material industry, IC designing, masking, wafer fabrication,
packaging, testing. Therefore it has occupied a considerable worldwide advantage and its overall value
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and export performance accept a high positive feedback. Although the subprime mortgage crisis occurred
in 2008 had inflicted serious losses on both world economy and also semiconductor industry, Taiwanese
semiconductor industry has motionless kept its leading position in the world. Nevertheless, in recent years
Taiwanese semiconductor industry receiving the international competitive pressure from South Korea,
China, India and extrinsic factors such as the poor economic environment, weak demand and exchange
rate after the financial crisis.

Traditionally Data envelopment analysis (DEA) is a method for measuring the efficiency of peer DMUs,
many researches focused on measurement of the production side or market side separately, but did not
jointly evaluate both sides of their efficiencies. Therefore, this study discusses the performance of the
Taiwanese semiconductor companies after the period of financial crisis. We try to put the external
environment factor into account, compared with the previous literatures with two-stage DEA model, even
though two-stage DEA model were used to analyze the productivity and efficiency of the market. We
emphasize on the market efficiency (market-oriented) in this study to measure the efficiency of each
stage, which are distinguished from the traditional two-stage DEA model, focusing on the overall
performance. With the concept of leader and follower in Game Theory, we explore DMUs’ changes of
efficiency within two stages and the overall performance with Leader-Follower of the two-stage DEA
model. Generally, the advantage of market orientation is to find the changes, dangers and the competition
strategies to upgrade the competitive ability or to occupy more markets. Therefore, DMUs is able to
reflect and response the request from the market to raise the overall efficiency.

Thus, the purposes of this study aims at formulate a Leader-Follower of the two-stage DEA empirical
model, based on the studies of, and then evaluating the efficiency change of each stage and focusing on
the overall efficiency change of Taiwanese semiconductor 118 firms during 2008-2011. Though such
research is still in its infancy, this may be able to make a contribution to explain the black box of the
members of semiconductor industry in Taiwan.

METHODS

We employ Liang et al.(2008) assumed that seller-buyer interaction is viewed as a two-stage non-
cooperative (Stackelberg) game with the buyer as the leader and the seller as the follower, which is
market-oriented. Using the Constant Returns to Scale(CRS) DEA model to evaluate the efficiency of the

buyer, as the leader (Charnes et al., 1978; CCR).We denote the efficiency for the second stage as E} and
first stage as EJ.2 , foreach DMU;; . Using the Constant Returns to Scale (CRS) DEA model of Charnes et
al. (1978), we define

K

a w, Z auy,
£ = ad B =R )
Vi % a Wz
i=1 k=1

Where Vi, w,, W, and yare unknown non-negative weights. Note that W, can be equal W, .
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Traditional two-stage types uses the standard DEA model. i.e. two separate DEA runs are applied to the
two stages to calculate E} and EJ.Z, respectively. For example, include Fortune 500 companies
performance (Seiford and Zhu [1999]; Zhu [2000]). Similar to Seiford and Zhu (1999), Sexton and Lewis

(2003) also use the standard DEA approach where in one of their standard DEA models, projected
(efficient) intermediate measures are used in the second stage efficiency calculation.

However, as discussed, such an approach does not treat z; in a coordinated manner. For example,
suppose the first stage is DEA efficient and the second stage is not. When the second stage improves its
performance, by reducing the inputs z; via an input-oriented DEA model, the reduced z; may render

the first stage inefficient.

It is useful to point out the individual efficiency measures E} and Ejz, for stage 1 and 2, respectively, it
is reasonable to define the efficiency of the overall two-stage process either as 1/ 2(E} + EJ.Z) or E} Gf .
If the input-oriented DEA maodel is used, then we should as well require that E} ¢1 and Ef ¢1. The

above definition ensures that the two-stage process is efficient if and only if E} = EJ.2 3.

If we define E, =Q U Y,/ @y as the two-stage overall efficiency, then we have E, = E; & at

r=1 i
optimality provided we assume W, = Vi{, as in Kao and Hwang (2008). Note that such a decomposition

of efficiency is not available in the standard DEA approach.

If we assume that the buyer (second stage) is the leader, then the second stage performance is more
important, and the efficiency of the seller (first stage) is computed subject to the requirement that the
efficiency of the second stage is to stay fixed. We first calculate the efficiency for the second stage. Based

upon the CRS model, we have for a specific DMU .

K

awz, - avx © i ¥2,...,r
k=1 i ®

(2)

K
E, = Maxa w %z, Subjectto
K avix, =1

i=1

w20, k £2,...,K, v 6 i 12...m

Note that model (2) is in fact the standard (CCR) DEA model. i.e., Eé* is the regular DEA efficiency

score. Once we obtain the efficiency for the second stage, the first stage will only consider W, that

K
maintains E; = E;.Or, in other words, the first stage now treats & Wz as the *‘single’ input subject
k=1

to the restriction that the efficiency score of the second stage remains at Ecl,*. The model for computing

E(f , the first stage’s efficiency, can be calculated as Liang et al. (2008)
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Note that in model (3), the efficiency of the second stage is set equal to Ef. Let

u =U, /f, r %2,..,s Model (3) is then equivalent to the following linear model

s K
auy,- aQwg © i BE2,...,n
r=1 kK %
K m
&3 5 awz - avx © i B2, n
EZ = Maxgd U Y. ,Q/Ef Subject to k: iz @
(;r:l ) .e _
avix =1
i=1

K
a Wk zko = Et*
k=1

w20 k £2,...,K v 6i 12...my 0% 125 <This indicates that the Leader—

I
Follower approach also implies an efficiency decomposition for the two-stage process. i.e., the overall
efficiency is a product of efficiencies of individual stages. Further, note that in the second-stage leader

case, Ecl,* and Ej* are optimal values to linear programs. Therefore, such efficiency decomposition is

unique. It is pointed out, however, that these two decompositions may not be the same, and is not affected
by possible multiple optimal solutions.

RESULTS AND DISCUSSIONS

We focuses on three themes concerning the important sector of Taiwanese semiconductor. The DMU of
(@) IC design DMUs,(b) wafer fabrication and (c) packaging and testing. Clearly, these three sector have
a significant impact on Taiwanese semiconductor industry. We used DEA-Frontier_XP software to solve
the linear programming problem of the two-stage DEA Model of the Leader-Follower . The empirical
results show that some interesting situations on a comprehensive analysis of three major sector in
Taiwanese semiconductor industry. Observe the Table 1 and Figure 1 we can find (A) The IC Design
DMUs during 2008 to 2010, the overall efficiency performance show the downward trend , although it
rise in 2011, the overall efficiency performance is regressive, (B) wafer fabrication DMUs during 2008 to
2010, the overall efficiency performance show the downward trend too, but there is a significant rise in
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2011. Their overall efficiency improvement greatly. This result also happened in firms of packaging and
testing.

Tablel Results of average comparing

IC design(Ave.) Wafer fabrication(Ave.) Packaging & Testing(Ave.)
year Stage 1 Stage 2 overall Stage 1 Stage 2 overall Stage 1 Stage 2 overall
2008 0.2619 0.3747 0.0872 0.1943 0.2534 0.0423 0.3165 0.2778 0.0730
2009 0.1698 0.4719 0.0731 0.1340 0.3479 0.0396 0.2063 0.3295 0.0511
2010 0.1794 0.2723 0.0407 0.2942 0.1155 0.0248 0.2118 0.2432 0.0623
2011 0.2761 0.3153 0.0705 0.4543 0.2312 0.0887 0.3387 0.3069 0.0994
Ave. 0.2218 0.3586 0.0679 0.2692 0.237 0.0489 0.2683 0.2894 0.0715

Data Resource: Authors’ collection
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Figure 1 The overall efficiency of three sector of Taiwanese semiconductduring 2008 to 2011

Additionally, we divides the semiconductors’ production processes into productive and market processes
to solve the linear programming problem of two-stage network directional distance function. Further,
using the concept of meta-frontier and technology gap to know about the efficiency change and
technology gap of each sectors from 2008 to 2011. (the efficiencies are the average scores of four
observed time periods).

The results show that some interesting situations on a comprehensive analysis of three major sector in
Taiwanese semiconductor industry. Observe the Table 2 and Figure 2 we can find (A) The IC Design
DMUs during 2008 to 2010, the average technology gap show the upward trend , but it significantly down
in 2011, as the overall efficiency performance in Table 1 presented regressively, (B) wafer fabrication
DMU during 2008 to 2010, the average technology gap show the upward trend too, but there is same a
significant down in 2011. Different from the IC design, their overall efficiency improvement
significantly. It also improved in packaging and testing.

Table2 Results ofthe average overall technology gapomparing

IC design(Ave.) Wafer fabrication(Ave.) Packaging & Testing(Ave.)

OTG OTG OTG
year MOE(1) GOE(2) 3)=(2)-(1) MOE(4) GOE(5) (6)=(5)-(4) MOE(7) GOE(8) 9)=(8)-(7)
2008 0.0872 0.1119 0.0247 0.0423 0.3320 0.2897 0.0730 0.3429 0.2699
2009 0.0731 0.1203 0.0472 0.0396 0.3396 0.3000 0.0511 0.2667 0.2156
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2010 0.0407 0.0936 0.0529 0.0248 0.4330 0.4082 0.0623 0.0729 0.0106

2011 0.0705 0.0695 0.0011 0.0887 0.3184 0.2297 0.0994 0.1349 0.0355

Ave. 0.0679 0.0989 0.0315 0.0489 0.3558 0.3069 0.0715 0.2044 0.1329

Note MOE (meta-frontier overall efficiency), GOE(group frontier overall efficiency), OTG(overall technology gap); Data Resource: Authors’
collection
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Figure 2 The averageoverall technology gapof three sector of Taiwanese semiconductaturing 2008 to
2011.

We can go through the whole technology gap observed overall efficiency change, technology gap will
appear in the overall efficiency of the change, the use of estimates meta-frontier and group frontiers, we
can more precise understanding of what facing the big problems of Taiwanese semiconductor industry.
Overall efficiency of Taiwan's IC design firms lag wafer fabrication and packaging and testing firms.
Therefore, the policy-makers should enhance effective cost control will improve overall efficiency.

CONCLUSIONS

This research mainly reports the two-stage DEA of Leader-Follower model by the Liangs’ et al. (2006,
2008) approach. Large input capitals seem not produce the higher efficiency in this case, and topics about
how to evaluate efficiency have been widely discussed from game theory. The data include 118 firms
from 2008 to 2011, and the results of conclusions are below.(A)The higher productive efficiency does not
always come with higher market efficiency. Other results show that either higher productive efficiency or
market efficiency are not always bring out with higher overall efficiency.(B)Compare to the traditional
DEA model. We figured that those DMUs we observed are generally in poor situation. Also it presented
huge differences in each sectors. Same with the result, the industrial development are imbalance.(C)The
Leader-Follower model, which connects the efficiency both productive and market, is able to measure
overall efficiency.(D)Additionally, we using the meta-frontier and group frontiers which base on the two-
stage DEA of Leader-Follower model to estimate the average overall technology gap of Taiwanese
semiconductor industry. We Found the average overall technology gap of Taiwanese IC design sector was
improved, but the average overall efficiencies was not.
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ABSTRACT

Customs clearance agents or customs broker act for the execution of the imported/edguartednts and products

from the department of customs. These agents take an important role for import and export companies for
electronics industry in Thailand. Efficiency evaluation of customs clearance agents is crucial for decision makers in
purchasing department. Data EnvelopmAangalysis (DEA) model is applied to compare efficiency of 4 agents. Unit
price of the service, rate of product lost or damaged, amount of times for late delivery, and rate of error on
documents of customs clearance are the inputs of the DEA model, éibemiount of import cargo through
customs airport is the output of the model. The result of evaluation indicates that there are two efficient and two
inefficient representatives. This result of the assessment can also be used to create strategiemtio wigigot
inefficient customs clearance representatives

Keywords customs clearance agent; undesirable output; data envelopment analysis

INTRODUCTION

In import of foreign goods to sell domestically or of raw materials to be used in production of goods, it is
necessary to go through customs clearance processes. This involves preparation of documents and / or
electronic submissions, tariff and tax calculation and payment, and communication facilitating between
government service officers. Thus, selection of good customs clearance agents becomes an important
issue that affects logistics operation to enable delivery of goods or provision of services to clients.

The case study company is a distributor of imported electronic goods from such countries as Japan,
Singapore, Germany, Hong Kong, China, United States of America, France, Taiwan, United Kingdom
and Vietnam. The goods will be transported both by sea and by air. Four major characteristics of the
goods are: (1 Most cannot be affected during the transportation that takes long time; (2 $Storage in high
temperature is not allowed otherwise product quality will be affected; (3 )According to the company
policies regarding orders to manufacturers or dealers, it is required to receive a purchase order or P/O
from customers before ordering, and (4 )As electronic goods are rapidly changed and developed, pre-
order making is impossible. Therefore, the company mostly uses air freight to maintain quality of
products and on-time delivery to customers.

The data used was obtained from Import - Export Group of the case study company by contacting the four
customs clearance agents through Suvarnabhumi Customs in order to select an efficient customs
clearance agent. Four customs clearance agents, called A, B, C and D, were evaluated for their
operational efficiency. According to the study, several important factors that have effects on a customs
clearance agent selection and the costs per import entry are i.e. (1) service charges for transportation of
goods into the country; (2) delivery rates in accordance with correct quantity, place, time and conditions
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agreed, the factors which are applied to evaluate performance of the customs clearance agents;
(3) accuracy of the import entry, the document prepared by the agents to be used in customs clearance of
goods imported and distributed in the country by the case study company for duties payment, and
(4) documentation error that probably results in fines and imports delayed. Therefore, in this study, these
four factors were used as desirable outputs, including the service charges, loss or damage, ability to
deliver and accuracy of the documents used in customs clearance. The data were collected on cargo
import by air freight through Suvarnabhumi Customs during 18 months (January 2011 - June 2013) and
the experience of the Import — Export Group operating transactions with the four customs clearance
agents, with an average of 768 import entries a year are shown in Table 1.

Table 1 Input Data from January 2011 to June 2013

Agents Service charges (Baht/import Damage or loss Late delivery Import entry error
entry) (%) (%) (%)
A 750 0.82 8.04 3.27
B 750 0 5.26 1.32
C 1,500 0 6.93 1.98
D 1,100 0 4.35 1.09
METHODS

Data envelopment analysis is a measure of relative efficiency, which compares the efficiency score in
each Decision Management Unit (DMU) with the benchmark. The concept that has been widely used to
measure the relative efficiency is Concept that relies on the principle of Frontier Analysis in measuring
efficiency of the DMUs (Farrell, 1957). For Charnes, Cooper, and Roberts (1978), a mathematical model
is proposed for measuring the efficiency of the DMUs for n units. According to the DEA method, these
units are called the Decision Making Units (DMU). Each DMU uses m types of inputs to produce s types
of outputs. Therefore, the efficiency of each DMU can be evaluated by solving the CCR model as below.

S
Max & MY 1)
r=1
m
Subject to avx, = 1,
i=1
3 m
a Mo~ ay% ¢ 0 m, v 20
r= i

i=12,...m,r=212,..,s, j=12,..,n Whereas

X Number of input i of DMU |
Yri Number of output r of DMU |
m Weighting factor of output I
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v, Weighting factor of input i
n Number of DMUs

S Number of outputs

m Number of inputs

The model above is a multiplier form of the DEA in order to facilitate efficiency calculation of the
Decision Management Unit. A dual problem of CCR model is normally made, which can be written as
below.
Min @ (1)
n

Subjectto g%, - & X; { 2 0 ;:i=12...m
j=1

n
AYqli - Y% 20 ;r=12..s
j=1

/J 2 0 1 "i!j)r

Let § be excess outputs and Sr+ be slack inputs of DMU i. If DMU ], has excess output or slack

input, the efficiency of DMU ], will be affected. e is a small positive value. Therefore, the model (1)

can be written by reducing the objective with sum of all slack and excess variables as follows.

. m S
Ming- €as +as) )
i=1 r £
Subject to g %/j+s =g ;i=12..m
=1

n
a ¥i/j- s =y ir=12..s
J:

/j,s',$+ 2.0 :'ij,r

Necessary and sufficient conditions for DMU |, to achieve efficiency is q* =1, s'* = $J* $ . This

DMU has efficiency equal to 1 or in the frontier.  Inefficient units can make CRR projection of input (

XIJ ) and output ( y;j ) as in Equation (3)

+*

th'j = q*)fo '%* and y'rj = Yo *% 3)
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When S{*is excess input of DMU j, and Sr+ * is slack output of DMU j,, q* is efficiency value of

each DMU ranging between 0 and 1. If any DMU has such value equal to 1, this represents that such
DMU has efficiency according to Farrell’s concept. The above model is the one under CRS assumption
(CCR Model), which is used in case all DMUs have operated at optimal scale. Consequently, if there is
imperfect competition, one of the causes that affect the DMUs not to operate at optimal scale, such
method is not suitable to be used. Accordingly, Banker, et al. (1984) proposed under VRS assumption

n
(BBC Model) by increasing convexity constraint of & /j = 1 into the model to ensure that it is the true
=l

relative efficiency of the same size of the DMUS.

In supply chain management, supplier selections have been increased. Saen (2008) and Ross and Buffa
(2009) applied DEA models to evaluate suppliers. Generally, outputs of any DMU are preferable.
However, in real world there are some outputs that is not preferable while the rest preferable. Many
researches focus on undesirable outputs (Liu, et al., 2010; Saen, 2010; Tone and Tsutsui, 2011).

In this study, there are N custom clearance agents with m input factors to be evaluated. In order to
determine relative efficiency of a particular customs clearance agent, denoted by o, then a dual problem
model used in this problem will be as below.

m
Min Z = ao - & S' (4)
i=1
n -
agXo- & hixy - 9 ; i1=L2..m
=
n
aljyy = ¥ i r=12..s
§./;2 0 . i=12,...m; j=12..n
Whereas
/ i Referred weighting factor for customs clearance agent j compared to customs clearance agent o,

who is under evaluation of efficiency

% Value of input i as used by customs clearance agent |
Yii Value of output I' as used by customs clearance agent |
e Very small number

S Slack variable of inputi
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Since in efficiency assessment of the customs clearance agents for this case study, there are 4 agents,
DMU j and j =1,2,3,4, with 4 input factors, denoted by % 1 i=1,2,3,4, by designating i =1
representing the rate of service charge per import entry, 1 =2 representing the rate of damaged or lost
items, i =3 representing the rate of late delivery, and i =4 representing the rate of import entry error.

By solving model (4) the results of the efficiency scale @, of all four customs clearance agents are
shown in Table 2. The results indicate that customs clearance Agents B and D have relative efficiency
because both agents have efficiency scale equal to 1(&, =1) and slack variables for all inputs equal to

zero (§ =1). Meanwhile, even though efficiency scale is equal to 1, Agent A is not considered effective,

because least one slack variable is not equal to zero. For Agent C, it is obvious that the company is also
considered ineffective as evidenced from the efficiency scale of less than 1 and all slack variables are not
equal to zero.

Table 2: Efficiency evaluation results of 4 customs clearance agents

Agents ay S S S Sy /|

A 1.00 0.00 0.82 2.78 1.95 /2 =1

B 1.00 0.00 0.00 0.00 0.00 /,=1

C 0.6657 0.00 0.00 0.00 0.16 /,=0.2897,/,=0.7103
D 1.00 0.00 0.00 0.00 0.00 /4 =1

Projection of each input can be calculated by multiple /; with original value of each input. For example,

for Agent A when /, =0.2897 and /, =0.7103, projection of service charge is 0.2897 x 750 + 0.7103

x 1,100 = 998.60 baht. The projection of all inputs for Agents A and C are summarized in Table 3. The
procedures as mentioned made us recognize the extents of service charges, the rate of lost or damaged
goods, late delivery rate and the rate of import entry error that customs clearance Agents A and C should
lower to acquire efficiencies equivalent to those of Agents B and D.

Table 3: Projection of all unputs for agents A and C

Agents Service Charges Damaged or Lost Late Delivery (%) Import Entry Error (%)
(Baht/Import Entry) Iltems (%)
A 750.00 0 5.26 1.32
C 998.60 0 4.61 1.16

RESULTS AND DISCUSSIONS

From projection of each input, the results obtained can be used to make strategies for negotiations on
charges with customs clearance agents with low relative efficiency, by dividing into 2 cases as follows.
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Case 1 If custom clearance Agents A and C cannot lower service charges as or improve access to relative
efficiency status, Strategy 1, which suggests using services of only effective customs clearance agents,
Agents B and D, will be applied, by dividing the amount of service uses into equal amounts.

Case 2 If custom clearance Agents A and C agree to lower service charges and can also improve access
to relative efficiency status as shown in Table 3, it will be possible to create 3 strategies as follows.
Strategy 2 suggests using services of all four customs clearance agents in the same amounts. Strategy 3
suggests using services of all four customs clearance agents in proportion to the number of efficiency

scale a,of each customs clearance agent as shown in Table 2. Strategy 4 suggests using services of

Agent A equal to the ratio of efficiency scale of Agent C because Agent A has the lowest quality and
reliability in delivery, with more chances of errors, in spite of the same service charges as those of Agent
B, who has relative efficiency.

It is assumed that total shipments for all agents next year will be equal to average 7 6 shipments / year
according to the use of the four proposed strategies as shown in Table 4. Table 5 shows a comparison of
all four strategies in respect of total annual service fees, number of lost or damaged items, number of late
deliveries and number of import entry errors by multiplying the rates in Table 1 with number of
shipments per year allocated to each agent in accordance with the strategies proposed.

Table 4: Number of Shipments Allocated to the Customs Clearance Agents

Strategies Agent A Agent B Agent C Agent D
1 0 384 0 384
2 192 192 192 192
3 209 209 141 209
4 141 243 141 243

Table 5: Results of All Strategies

Total Costs Number of Damaged Number of Late Number of Import
Strategies (Baht/Year) or Lost ltems Deliveries (Times/Year) Entry
(Times/Year) Errors(Times/Year)
1 71000 0 3609 9.25
2 691,008 1.57 47.19 14.71
3 684,259 1.71 46. 66 14.66
4 696,159 1.15 44. 46 13. 26

Table 5 shows that Strategy 3 has the lowest annual total costs. Strategy 1 has the highest annual total
costs, while it has the lowest numbers of lost or damaged items, late deliveries and import entry errors.
Annual total costs under Strategy 1 are greater than those under Strategy 3, amounting to 3 . $eRcent,
while the numbers of late deliveries and import entry errors are lower than those of Strategy 3,
representing 2 O anfl 3 6 . p@rQ@ent, respectively. If agents A and C are not willing to improve their
efficiency, the companies should choose Strategy 1. However, if both agents agree to improve their
efficiency, the company should choose Strategy 3, although quality of service under this strategy is
deteriorated to some extent, but it is a method that allows the agent to get some employment.
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CONCLUSIONS

In application of the DEA to evaluate ability of the customs clearance agents by Import — Export Group of
the company, such inputs as service charge rates, damaged or lost items rates, late delivery rates and
import entry error rates are used as criteria. Results of the evaluation indicate that there are only 2
customs clearance agents that are considered having relative efficiency. For the other two remaining, they
are not considered having relative efficiency. Furthermore, the results of the assessment can also be used
to formulate strategies for negotiations on service using with the less efficient customs clearance agents.
According to application of the DEA to analyze all four strategies, it was found that the company should
choose Strategy 1. This is because the agent has relative efficiency, although its total charges are higher
than those under the other strategies that are possible in line with this policy. However, the total numbers
of damaged or lost items, late deliveries and import entry errors are less than those under the other
strategies.
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ABSTRACT

The objective of this paper is to investigate the existence and the nature of the efizttof&n f i r ms & ef f i ¢
efficiency convergence across industries in Vietham. Dynamic input output tables are used to construct the linkages
between domestic and foreign firms. It uses a large panel dataset covering manufacturing firms in Vietnam from
2000 to 2011. The analysis shows that, the i mpact of
across industries in Vietham through the horizontal, backward and supply backward channels are different.

Keywords Data envelopment analysis (DERjee disposal hull (FDH) Manufacturing ; efficiency foreign direct
investment (FDI)Convergence

INTRODUCTION

The literature investigating the relationship between FDI and technical efficiency has been focusing on
technological spillover effects resulting from foreign direct investment. In some case, the contribution of
FDI to technical efficiency and TFP via spillovers have been confirmed while in others, it has been
rejected, depending on the nature of the data used and also on specific empirical methodologies.

Our objective, beyond presenting evidence of technical inefficiency and FDI’s spillover effects via
horizontal and vertical linkages, is to investigate whether technical efficiency convergence process
occurred in the presence of FDI through spillover effects in Vietnamese manufacturing industry.

Cross-country productivity convergence have received attention both at the country level (Dorwick and
Nguyen (1989); and at the industry level Bernard and Jones (1996)). It should be noted that the growth of
a country results from the growth of industries, which comes from the growth of firms. Ultimately, the
improvement in technical efficiency is an important aspect of the process of growth. However, there has
been little empirical work at the firm level on technical efficiency convergence (Alam and Sickles, 2000).

Our methodology proceeds in three steps. First, we construct an empirical representation of the frontier
technology for a given set of sub- industries. Second, we discuss the results on a statistical base in order
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to see if FDI spillover effects on technical efficiency. Finally, we estimate convergence regressions to
determine the degree of firms’ technical efficiency convergence and firms’ technical efficiency
convergence in the presence of spillover effects from FDI through horizontal and vertical spillovers.

We apply this methodology to the total sample of sub-industry in Vietnamese manufacturing industry
(sub-industries includes (1) food products and beverages and tobacco products (F); (2) textiles and
wearing apparel (T); (3) footwear (W) and (4) wood and wood products (WD)) and the sample of
domestically owned firms in those sub-industries.

METHODS
Data Envelopment Analysis

DEA creates an “envelop” of observable production point (Charnes, Cooper and Rhodes(1978)). DEA is
based on linear programming techniques. It provides for flexible piecewise linear approximations to
model the “best practice” reference technology. The output—based efficiency score is obtained from the
following linear programming problem for each sub-industry.

[D(x, YT * = Maxg

subject to
N
Git Ykit ¢ iil {t Ykit » k 4,2,..K (1)
N
iillitxjit ¢ i J 229

/420, i 42N, t E2,.T

The problem (1) can be modified to account for variable return to scale (VRS) by adding the convexity
N

constraint g /, =1 and q is level technical efficiency of this model and denoted by BCC and the model
i=1

is called BCC model (1984).

Free Disposal Hull models

The Free Disposal Hull (FDH) is first formulated by Deprins, Simar and Tulkens (1984) and developed
and extended by Tulkens and others. The basic motivation is to ensure that efficiency evaluations are
affected only by observed performances. The FDH Frontier is obtained by replacing the last line in the
model above, it means that the model can be as follows:
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g is level technical efficiency and denotedd®H and the model is called FDH model.

Second Stage Regression

To examine the impact of foreign presence on firms’ efficiency, the efficiency results obtained from (1)
and (2) are regressed on the variables capturing different aspects of foreign presence through some
spillover channels. We estimate the following equation:

TE =g +f t4orp Back ,Fogy , Sbagk , + a 3)

Where Sf;, Hori Baclgt , Forw , Sback refer to foreign share, horizontal, backward, forward and

jt?
supply backward, respectively and subscripts i and t refer to firm and time respectively. &, capture time

and a; firm specific fixed effects. The above model is estimated using Ordinary Least Square Method
(OLS) with time and fixed effects.

EFFICIENCY CONVERGENC E AMONG FIRMS
Unconditional convergence

Following Alam and Sickles (2000), we regress average growth rates on a constant and the initial
technical efficiency levels. The basic form of the equation of unconditional convergence is:

1

T UNTE final - " T jnitiar | = 4N Thpniay ¢

where T is number of years considered; TE is technical efficiency on the designated year for the firm i
and catch-up is denoted by a negative coefficient of b. The speed of caching upis:/ =1 (1 +If)ﬂT :

Conditional convergence

To consider whether technical efficiency (from BCC and FDH models) convergence occurred in the
presence of FDI through spillovers to domestic firms. Since, it may take more time before FDI’s
spillovers effects on domestic firms’ technical efficiency, we include lagged foreign share (Sf), Horizontal
(Hori), Backward (BacK, Forward (Forw) and supply backward (Sback linkage measures into the model
. The new equation of conditional convergence is:
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t =2000,2001,....,201%;i,j 1J {:F, T; W;WD} where subscripts i, and t refer to firm and time respectively.

DATA AND ESTIMATED RE SULTS

Our analysis is based on the data from annual enterprise survey conducted by the Vietnam General
Statistical Office. The survey covers both manufacturing and non-manufacturing firms. Industry data is
available at a 4-digit level. From this survey, we develop a longitudinal panel data set for the years from
2000 to 2011. We drop the firms from our sample set for which the firm-age (the year of the survey minus
the year of establishment), total wages, tangible assets, and/or the number of workers are not positive and
in cases with incomplete replies. We also drop firms’ which enter or exit between year 0 and year T . We
select “survivor” firms being survivors that continue to stay in the market between year 2000 and year
2011. The number of firms in our sample is 1038 observations and the sample of domestic firms is 907
observations for each year. To avoid a bias, we estimate efficiency using BCC and FDH models for the
total sample, denoting BCCT and FDHT models, respectively and estimate efficiency using BCC and
FDH models for sample of domestically owned firms, denoting BCCD and FDHD models, respectively .

Testing the effects of FDI spillovers on firmsé

A fixed-effects regression is used to assess the impact of the spillover effects of FDI on domestic firms’

inefficiency. Technical efficiency measures from BCC and FDH models are regressed on Sf, Hori, Forw,
Backand Sback The estimated results are presented in Table 1. Foreign share (Sfpears a significant and

positive sign (in BCCT models) but insignificant and negative sign (in FDHT models). Hori coefficients

in two cases (FDHT and FDHD models) are positive and statistically significant at 1% and 5% level for

the total sample of sub-industry and domestic firms, respectively. While Hori coefficients in the rest of

cases are negative and statistically significant at 5% level in the BCCT model but insignificant in the

BCCD model. Positive and significant coefficients on Backare found for four models BCCD, BCCT,

FDHD and FDHT models. Backward spillovers go from the foreign firm to its upstream local suppliers. In

these models, domestic firms draw apparently more benefits from their linkages to foreign firms. Forw
coefficients are statistically significant at least 10% level for all cases but they have the opposite sign.

Forw coefficients are positive and statistically significant at 5% level in the cases of FDH models. Sback
coefficients are positive for all cases but Sbackcoefficients of FDH models are insignificant.

Table 1: Regression Analysis Testing the Effects of

Fixedeffects regression

TE from totalsample of TE from domestic
sub-industry sample
Dependent variable BCCT model FDHT model BCCD model FDHD model
0.029*** -0.005
Sf (0.010) (0.014)

219

t

F D



-0.040** 0.053*** -0.020 0.048**

Hori (0.015) (0.020) (0.017) (0.023)
0.080*** 0.095*** 0.134*** 0.091***
Back (0.016) (0.021) (0.018) (0.023)
-0.086*** 0.071%** -0.055* 0.095**
Forw (0.025) (0.033) (0.029) (0.037)
0.117*** 0.041 0.085*** 0.035
Shack (0.026) (0.035) (0.030) (0.039)
0.127*** 0.315%** 0.123*** 0.326***
_cons (0.005) (0.007) (0.006) (0.008)
/sigma_u 0.144 0.242 0.145 0.236
/sigma_e 0.150 0.201 0.158 0.207
Rho 0.479 0.591 0.459 0.565

Note: 1) Standard errors are given in the parenthesis; 2) ***/**/* denotes significaat=8t01; a=0.05
and a=0.10, respectively.

Estimated results of unconditionanvergence

The cross-sectional OLS estimates of unconditional convergence for the total sample of sub-industry and
the sample of domestically owned firms show that the coefficients of initial technical efficiency from
BCCT, FDHT, BCCD and FDHD models are -0.0769, -0.0627, -0.0798 and -0.0644, respectively and
significantly different from zero at 1%, confirming the presence of unconditional convergence during the
period of 2000-2011. The speed of convergence of those model are 15.63%, 10.09%, 17.39%, 10.59%,
respectively.

Estimated results of conditional convergence

To investigate whether there exist impacts of FDI’s spillover effects on technical efficiency convergence,
we estimate the unconditional convergence models with adding spillover variables. Table 2 presents the
cross-sectional OLS estimates of conditional convergence for the total sample of sub-industry and the
sample of domestic firms. We estimate 4 models for the total sample of sub-industry and sample of
domestic firms. 60 variables conditioning in these models are Horizgo HOrizgo, € , Ho@, FOMseee €
Forw,g; € variables.

Estimated results of conditional convergence of technical efficiency from BCCTand FDHT , BCCD and
FDHD models are given in Table 2. It allows us to draw some conclusions. The coefficient of initial
technical efficiency from those models are negative and significant at 1%, showing there is evidence for
convergence. Most of the conditional variables (representing impacts of FDI) were jointly insignificant,
and some variables are significant. From those models, FDI spillovers may accelerate convergence by
increasing the technical efficiency of domestic firms, they may also contribute towards increased speed of
convergence, although with a small magnitude.

Table 2: Conditional convergence (2002011)

(a) For total sample of subindustry with number of observations =1038
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Note: 1) standard errorare given in the parenthesi®) */**/*** Denotes significant at the 10, 5 and 1
percent levels, respectively.

CONCLUSION

This study analyzed horizontal and vertical productivity spillovers of foreign direct investment on
technical efficiency convergence in Vietnamese sub-industry from 2000 to 2011. We found existence and
the nature of the effect of FDI on firms’ efficiency and efficiency convergence at firms levels in sub-
industry in Vietnamese manufacturing industry. Dynamic I-O tables (2000 and 2005) were used to
construct the linkages between domestic and foreign firms. Using a panel dataset covering sub-industry in
Vietnamese manufacturing firms from 2000 to 2011, we found that (1) the impact of FDI on domestic
firms’ efficiency score and convergence at a firm level; (2) the effects of spillovers through horizontal or
vertical effects on technical efficiency convergence were different and then the speed-of-convergence
from models was different.
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ABSTRACT

Subsidizing fertilizer haveen one of the most controversial policy debates in developing country agriculture
especially in AsiaThis study investigateéle levels and factors affecting fertilizer use efficiency idudgetary
implicationsin Sri Lanka Based on a crossectonal data set for the years 2007 2910, we use a twstage
approachto examine the efficiency of fertilizer use for paddy production. The first stagthastackbased Data
Envelopment Analysis (DEA) model to estimate fertilizer use efficiencyligeertise shows relatively lower
inefficiency anddominant efficiency distribution compared to the other irpuiVe find that, on average, that
fertilizer usecan be reduced b¥%3 percentwithout comprisingyield levelsWe also find a positive and sigo#nt
relationship between fertilizer use efficiency and small faraiafed farmsand quality seedThe study highlights

the importance of estimating individual input use efficienbesides the traditionatechnical efficiency especially
under marketmperfectionsOur results have budgetary implications related to the subsidy scheme.

Keywords Fertilizer use efficiency, fertilizer subsidy, Slack based DEA, rice farming

INTRODUCTION

The use of chemical fertilizer is considered paramount for improving agricultural productivity (Duflo, et
al., 2011). The main evidence comes from the dramatic growth in agricultural yields in Asia due to
increased fertilizer use during the Green Revolution as opposed to the stagnation of yields in Africa due
to continued low use of fertilizer (Morris, et al., 2007). Before the Green Revolution, the use of fertilizer
was very low in Asian countries, including Sri Lanka (Rashid, et al., 2013). Introduction of high yielding
crop varieties and fertilizer use contributed to increasing rice production in Sri Lanka (Ekanayake,
2006).. Sri Lanka adopted deliberate policies to promote chemical fertilizers use during the early years of
the revolution. These policies include fertilizer subsidies that have been widely used since 1962 with the
goal of making fertilizer available to farmers at a lower cost (Weerahewa, et al., 2010).

Due to their smallholder orientation, agricultural development strategies in most developing countries
mainly focus on the smallholder sector to understand their challenges and find ways to make them more
productive (World-Bank, 2007). Despite the potential for economies of scale on large farms, family-farm
theories have postulated smallholder farms as more efficient than large farms because they are easy to
manage, less risky and often do not bear the cost of labour supervision (Dethier and Effenberger, 2011).
However, Chavas (2001) observes that large farms can have an advantage over small farms in the
presence of market failures. Intervention policies, such as subsidies, generally benefit wealthier farmers
and those with more land than smallholders (De Gorter and Swinnen, 2002, Dethier and Effenberger,
2011). This brings to question the effectiveness of intervention policies such as input subsidies in small
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countries like Sri Lanka with a relatively dominant smallholder sector. Capital-led intensification of
agricultural production using subsidies has its own negative environmental effects unless it is managed
properly (Dethier and Effenberger, 2011). Further, subsidies might distort fertilizer use away from
optimal levels and create a heavy burden on government budgets, thus constraining other necessary
investments.

At present, agriculture has been observed as the least productive sector in developing countries (Dethier
and Effenberger, 2011). Since the potential for land expansion is limited, further agricultural growth will
have to come from increased yields by enhanced input use efficiency, especially the subsidized inputs
such as fertilizer. However, empirical studies measuring fertilizer use efficiency is lacking in existing
socio-economic literature.

The main purpose of this study is to estimate fertilizer use efficiency on rice farms in Sri Lanka and its
relationship with farm size and irrigation. We further discuss the budgetary implications of subsidy
removal. First, we use slack based data envelopment analysis (DEA) to estimate technical efficiency. We
also compute the input mix efficiency and decompose it to measure fertiliser and other input use
efficiencies. We use bootstrapped truncated regression in the second stage to examine the effect of farm
size and irrigation on fertilizer use efficiency. Results of this study are expected to be of interest to policy
makers in Sri-Lanka and other developing countries facing similar challenges.

METHODS

We use the mathematical programming approach, data envelopment analysis, to benchmark the
performance of different farms. The slack-based DEA' (SB-DEA) is used to get the slack values of inputs
and to evaluate fertilizer use efficiency (Chemak, et al., 2010). In order to estimate the efficiency of a
farm, we formulate the following fractional programme where " is a scalar representing slack-based
inefficiency, _isa & p vector of input and output weights and i and i are input and output slack
variables, ® @ represent the 'Q input 'Q pFB &0 of the farm "Cand & &  represents the i
output of the farm "Qi  pfB &Y using & input levels. Zero subscript indicates the farm unit being

evaluated andi andi are the slack values associated with the levels of inputs and outputs (Cooper,
et al, (2010):
B j @ 18 O
SEham — OOABANO 19 O )
I =«

The input-oriented slack-based model is defined in a similar way as the standard slack-based model above
with only the numerator minimized and allows us to obtain the input mix efficiency estimates (Tone
2001). Optimal solution of this programme allows us to obtain the slack values for each input which can
be used to decompose the input mix efficiency into separate efficiency values for different inputs. The
proportional contribution of each input to the efficiency of the farm being considered represents the

! Unlike the standard Farrell (1957) radial DEA methods, the non radial slack based efficiency measures do not assume all inputs
(outputs) need to be increased (decreased) proportionally in order to operate on the efficient frontier and allow estimating
separate input efficiencies .
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efficiency of using each input and is given by the ratio in equation (2) (Herrero, et al., 2006). The ratio
i J is the relative reduction rate of input "Qwhich is the inefficiency of using input “and, therefore,
the equation (2) corresponds to the input use efficiency of using input "Q

0Yop — — )

Our main focus in the second stage is to evaluate the role of farm size and irrigation on determining
fertilizer use efficiency. A bootstrapped truncated regression is defined for fertilizer use efficiency and
pure technical efficiency as follows:

w Ta - TEN pB & GE QO U mh, (3)
where w is efficiency estimate and & represents a vector of explanatory variables. The empirical analysis
uses a cross-sectional data of 589 randomly selected farms in two major rice producing areas,

Anuradhapura and Kalutara over the period 2007 to 2010. The production process is characterized by one
output, rice, and six inputs: seed, fertilizer, chemicals, labour, capital and land.

RESULTS AND DISCUSSIONS

Table 1 shows that there is significant variation in the mean estimates and distribution of the efficiency
measures. The standard deviation indicates a high degree of heterogeneity in input use among the sample
farms. Fertilizer use has the highest mean efficiency (87%) while capital (68%) and chemicals (69%) are
the least efficient inputs. On average, fertilizer is used relatively more efficiently than the overall input
use efficiency (77%). These suggest that farms in the sample could have produced the same output with
13 percent less fertilizer. As the efficiency distribution shows, more than half of the farms are fully
efficient in fertilizer use. Only about 11 percent of farms are having less than 60 percent efficiency and no
farm has less than 30 percent efficiency. This indicates a highly skewed distribution to the right with
larger number of farms concentrated around the fully efficient level. Kolmogorov-Smirnov (KS) test!
examining the equality of the distributions emphasizes the significant dominance of fertilizer use
efficiency over the other efficiency distributions.

Although the misuse of chemical fertilizer has been a subject of discussion over the years in Sri Lanka,
our results do not show that fertilizer is inefficiently been used relative to other inputs just because it is
subsidized. The possible misuse of fertilizer due to subsidy may be controlled by the systematic
application of fertilizer based on the recommended rates which is absent in the case of other inputs.
Deviation from the recommended rates of application is minimal which is clearly reflected in lower
standard deviation in the fertilizer use efficiency scores relative to the other inputs. However, there still
remains possibility of optimizing fertilizer use by reducing the average usage up to 13 percent.

Table 1: Percentage distribution of input useand technical efficiencies

! The Kolmogorov-Smirnov test is a nonparametric test that compares the cumulative distributions of two data sets
to examine if there are any significant differences in the distribution of efficiency scores in each pair. It checks for
any violation of the null hypothesis of identical distribution in terms of different medians, different variances, or
different distributions (Lehmann, 2006).
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Seed Fertilizer Chemical Labour Capital Land TE

=1.0 33.11 50.42 29.54 45.67 29.71 37.35 6.62

1.0>=0.9 5.77 10.36 6.11 8.66 5.60 9.00 23.94
0.9>=0.8 9.34 9.85 5.60 12.22 6.28 20.54 13.75

0.8 >=0.7 9.68 11.04 6.11 11.38 6.28 14.94 18.51
0.7>=0.6 13.24 7.30 9.68 10.02 7.98 12.39 17.32

0.6 >=0.5 13.92 7.47 12.22 6.28 10.53 4.24 10.87
0.5>=04 8.32 3.06 11.71 3.57 12.90 1.19 7.13
0.4>=0.3 4.58 0.51 10.02 2.04 9.68 0.34 1.70

<0.3 2.04 0.00 9.00 0.17 11.04 0.00 0.17

Mean 0.76 0.87 0.69 0.85 0.68 0.85 0.77
SD 0.23 0.17 0.27 0.18 0.28 0.15 0.18

Note: TE refers the sladkased variable return to scale technical efficiency

Bootstrapped truncated regression results of the factors explaining fertilizer use and overall technical
efficiency estimates are presented in Table 2. Some of the important variables in our model are significant
and consistent as expected. Farm size coefficient is negative and statistically significant indicating that the
larger farms are using fertilizer less efficiently than smaller farms as in Roche, (1994). This could be due
to poor fertilizer management under the structure of large farms. This is true in farms in developing
countries where farm management is undertaken by the farm-owner alone or with the support of the
family.

Table 2: Factors affectingslack based efficiencyBootstrapped truncated regression

Variable - FUE - TE
Estimate Std. Err. Estimate Std. Err.
Intercept 0.9280*** 0.0326 0.7131*** 0.0356
Land size -0.0240** 0.0101 -0.0135 0.0097
Irrigation (Rain-fed)

Irrigated -0.0533*** 0.0164 0.0816*** 0.0195
Seed (Sel)

Purchased seed 0.0167* 0.0136 0.0224* 0.0148
Land ownership (Tenant}

Land owners -0.0141 0.0174 0.0051 0.0202
Female labour 0.0007 0.0006 -0.0017** 0.0007
Family labour -0.0002 0.0003 0.0010*** 0.0003
Year (2007

2008 0.0453** 0.0208 -0.0352* 0.0199

2009 -0.0001 0.0206 -0.0872*** 0.0201

2010 0.0800*** 0.0194 -0.0476** 0.0213
Sigma 0.1603*** 0.0050 0.1744%** 0.0039
Log likelihood 242.3888 192.9677

Note: *significant at 10% **significant at 5% *** significantat 1% Number of bootstraps=5000

The coefficient of irrigation is negative and statistically significant, indicating that rain-fed farms are
more efficient in using fertilizer compared to irrigated farms. This contradicts the popular notion that lack
of moisture in non-irrigated conditions could reduce the fertilizer absorption rates whereas excess water
could result in nutrient leaching (Roche, 1994, Subhani, et al., 2012). This could be due to the smaller
farm size in rain-fed farms compared to the irrigated farms. Average farm sizes are 2 acres and 0.9 acres
in irrigated and rain-fed farms. Another possible reason would be poor irrigation management at the
village level. Water allocation decisions for agriculture are typically made by farmer organisations at the
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village level. The irrigation network operates on a rotational delivery system based on decisions made by
farmer organisations at the beginning of each year. Rice farmers receive a group allocation of water based
on a communal agreement rather than an individual allocation based on the size of their plots
(Mohottalagedara, et al., 2012). What matters for the fertilizer use efficiency is not just the existence of
irrigation, but proper irrigation management.

The variable for seed source show positive result for use of purchased seed relative to the self-produced
seeds. This could primarily be attributed to the quality of improved seed that tend to be more fertilizer
responsive relative to self-produced seeds. Year variable shows a statistically significant and increasing
trend of fertilizer use efficiency over time. Land ownership, family labour and female labour endowment
results are not statistically significant. The relationship of certain factors with TE estimates is the opposite
of fertilizer use efficiency (Table 2). Such a significant deviation justifies the importance of measuring
separate input use efficiencies. Irrigation shows a positive and significant effect on TE. The major reason
is that non irrigated cultivations are often more prone to water stress due to uncertainty and variability in
rainfall. The share of family labour to total labour has positive impact on technical efficiency. This could
be because family labour put more effort on taking care of the plants and this increases the efficiency of
input mix. Female labour participation has a negative relationship with technical efficiency, which could
be explaining the differences in labour quality. We find evidence of decining average fertilizer use and
technical efficiencies over the 3 years.

Given the recommended application rates of fertilizer and the own price demand for fertilizer
consumption in rice farming, we compute fertilizer over use, and possible import cost reduction and
savings that has budgetary implication on the subsidy scheme. We find that fertilizer is heavily over
used; given the recommended rates of 170 kg/ac the overuse is about 26 kg/ac. With the own price
elasticity of 0.15, we find that that if the subsidized price is increased from Rs. 7/kg to Rs. 13/kg, this
overuse could be controlled by bringing down the current application level to the recommended rate.
Given the average fertilizer use in rice cultivation of 476,000 MT, reducing overuse would reduce the
fertilizer import bill by Rs. mil. 4,239 annually. Further, increasing the subsidy price from Rs. 7/kg to Rs.
13/kg would reduce the government’s subsidy budget by Rs. mil, 2434.

CONCLUSIONS

Our results has some policy implications for fertilizer use and subsidy scheme. Fertilizer use efficiency
can be improved by reducing over use. Efficiency improvement can be achieved through a reduction in
subsidy which could result in huge budgetary savings that could be directed to other important
investments. Therefore, phasing out the subsidy is more desirable but this should be accompanied with
the development of a competitive fertilizer market and investments on the other important aspects of the
green revolution package. However, due to imperfect markets, withdrawal of the subsidy may create
serious problems to smallholder rice producers, especially those in the remote areas with poor
infrastructure and non-functioning credit markets. In the short run, a possible option is managing the
fertilizer subsidy effectively by efficiently targeting the most needy producers. Further, enhanced
fertilizer use efficiency with better irrigation management, quality seeds and better fertilizer control by
organized system of cultivation will allow the government more leeway to phase out the fertilizer subsidy
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over time. An improved economic environment which allows access to fertilizer at the right time in right
guantities such as better infrastructure and credit for the agriculture sector would be useful in this regard.
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HOW TO SELECT AN EPSILON TO APPLY KOUROS H AND ARASH MODEL
IN DATA ENVELOPMENT ANALYSIS
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ABSTRACT

This paper demonstrates how an appropriate epsilon value can be selected when Kourosh and Arash Model (KAM)

is applied in order to estimate production frontiers as well as simultaneously rank and benchmark Decision Making

Units (DMUs). KAM was recently pposed to improve the capabilities of Data Envelopment Analysis (DEA) in

order to measure the performance evaluation of homogenous DMUs inclusive real and integer values. The paper

also illustrates that the selection of epsilon is logically allowed evénhife DMUs & dat a-lineare exact
programming model is also proposed to find the optimum valseaséwhile a DMU is under evaluation

Keywords DEA; KAM; Efficiency Ranking Benchmarking

INTRODUCTION

Data Envelopment Analysis (DEA) was proposed by Charnes et al (1978), and has been applied in many
area of economics, management, industrial engineering, business, marketing and so on to measure the
performance evaluation of homogenous Decision Making Units (DMUs). Recently Khezrimotlagh et al
(2013a) proposed a new model in DEA, called Kourosh and Arash Model (KAM), to improve the
advantages of DEA to simultaneously benchmark both technically efficient and inefficient DMUs. KAM
unlike current DEA models provides a methodology based on an introduced epsilon which is able to
measure the efficiency score of DMUs where the weights are available or unknown. In this paper, it is
illustrated how an epsilon can be selected while KAM is applied.

K OUROSH AND ARASH M ODEL (KAM)

Suppose that there are £ DMUs ($ - 5HQ plgi8 &) with & non-negative inputs (& hQ plgHB h)
and ) non-negative outputs (& hQ pkehB fY), such that, at least one of the inputs and one of the outputs
of each DMU are not zero. Assume that for every "Qhere is a ‘Guch that &0 1tand also for every "Qhere
is a ‘Qsuch that ® 1@ A Production Possibility Set (PPS) with Variable Returns to Scale (VRS)
technology proposed by Banker et al (1984) is shown with “Y. The geometric locus of points in g
which their distances of the “Y frontier are not greater than - () is called an efficient hyper-tape, and
denoted with “Y”Y . AnT -higher PPS ( N 5 ) in KAM-VRS, denoted by “Y is the summation of "Y
and "Y"Y . The] -KAM on"Y is as follows where $ - 5for& plf8 e is under evaluation:

iAB 0oi B 0 i,

Subject to

B _o i o - hE®opkM M,
B _o& | & - MEI® pitfsm,
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B _ po i mMAEMpkBR, ® | ¢ mED pliBm,
hEI'® plefB ke, i mEID pltiB ha, i ThEI"® pltis .
The outcomes of KAM are given by:

The best technical efficient target with] degree of freedom ( -DF) and the best technical efficiency score
with - -DF can respectively be expressed as:
w ® i ° - hEI'®pkMB A
& w 0" - hEID pltiB M8
B 0 w7¥B U w
B 0O B 0 &

(Vo)

The highest efficient target with T -DF and the lowest efficiency score with T -DF are respectively
represented by:

o o i ‘hEID plttB M
o o | ‘hEI'D pk M3
B
B

¢

0 0 7B U0 ®

(Vo) 8

O w 7B U W

The lowest efficient target withT -DF and the highest efficiency score withj -DF are respectively depicted
as:
o @ [ ° ¢ hEI® pkM h
& O i° ¢ hEI®D pkB M3
. B 0 w7 B 0 w
Vo] =

o

0 & TB U &

The best efficient region with T -DF is a hyper-cube with center ¢ hs and diagonal ¢ B -
7
B - .

APPLYING KAM

In Applying KAM, if the value of epsilon is 0, KAM is the same as the weighted Additive DEA model
(ADD) suggested by Charnes et al. (1985). When epsilon has a positive value, KAM tests whether the
close inefficient points to evaluated DMU has a close efficiency score as the DMU or the differences are
significant, even if data are exact. KAM does not change data, but checks the scores of DMUs’
neighbours.

The epsilon is a vector, i.e.,f -h n~ag ,where- is -  Bh and- is -  BhR
It is strongly suggested to consider the commensurate values for each component of epsilon
corresponding to each variable. One of the ways to select epsilons is to define - -, and - -0,
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for asuitable- ¥ a ,"Q plghB M, and 'Q plghB Y. The effects on the Farrell frontier in this case are
different for each evaluated DMU. In other words, when a DMU has large input/output values, the
diagonal of efficient tape is greater than when it has small input/output values. The - and - can be
definedas - | Etogo mHQ plefB R and- 1| Eth go mHQ plgf8 FE , where - N a8 |
to have the same commensurate effects in the Farrell frontier for evaluating each DMU. In these two kind
of selecting epsilons instead 7 -DF it is written - -DF.

If user only wants to select the targets which lie on the Farrell frontier, it is suggested to use the best
technical efficiency score with --DF by selecting the best technical efficient target with --DF. In this
case, user can remove two classes of constraints, which are & i mh E1°® plefB ha, and
w i ¢ mhEID pighB ), and can select the value of epsilon in the interval TiHb before
applying KAM. However, when the value of diagonal of efficient tape is considered as a negligible value
the benchmarking and ranking would be more significant and reasonable.

For the highest efficient target with - -DF and the lowest efficiency score with - -DF, user can remove the
constraints © i - ThET"® pheFB 1), and for the lowest efficient target with - -DF and the
highest efficiency score with --DF, user can remove & i Th Z£1°® pltrs F, before applying
KAM. Note that, for these scores the value of epsilon should be suitable to have a feasible targets. One
simple way to remove this concern is to consider the - and- as- [ Ebtodgo 1HQ pltiB i
and - | EW go mhQ plgfB & , where - is positive and small enough. Moreover, if user is
interest to have all the KAM scores, none of the constraints should be removed.

Usually data has two or three decimal digits and regards to the number of variables, epsilon can be
considered as one millionth or one hundred thousandth in order to have a negligible errors in.
Khezrimotlagh et al. (2012b), Mohsenpour et al. (2013) and Khezrimotlagh (2014) proved that the results
of Arash Model (AM), Kourosh Model (KM) and KAM are the same as the results of Cost efficiency,
Revenue efficiency and Profit efficiency, respectively, when the weights of variables are known and the
value of epsilon is large enough. Note that, in these statements, there are some conditions to apply KAM.

If the weights are unknown, it is suggested to define, 0 p¥w, 0 pfw ,wherew N a9 ,0 N a
for 'Q pltB ha, and Q plkB ). If @ 1 (@ ™), for some 'Q pktB hx (Q plghB fy), the
weight 0 (0 ) can be defined as 1 or any other positive numbers related to the goal of DMUs as
suggested by Tone (2001).

In order to review some examples, user can check the applicable examples in Khezrimotlagh et al.
(2012a-f, 2013a-e). For instance, in applicable example of 19 electric utilities operating in 1975 with three
inputs (labour, fuel and capital) and one output (electric power), (proposed by Fére et al. (1989), used by
Simar and Wilson (1998) using bootstrapping algorithm), Khezrimotlagh et al. (2013a) used the minimum
amounts of non-zero inputs and output values which were w8t TTL T&p p Y& mand T V& T
respectively. Then they assumed that R 1@t Tt Tt T p T and calculated the components of X vector as
R TWHIMMWIRIMTTIEIMTUT MR P TE TP Y casdrr 18T T T U Xrespectively, whit the
diameter of efficient tape as T8t p T X TTey later showed that if epsilon is considered as R  TI®

232



p T, the results are almost the same as the result when R T8t 1T TT TT p TT , Whereas the diameter of
efficient tape is p T8 ¢ ¢ For another example, Khezrimotlagh et al. (2013b) considered 39 Spanish
airports used in the study of Lozano and Gutierrez (2011) with 4 inputs and 3 outputs. The minimum
amounts of non-zero inputs values were p, p, p and p, respectively. They assumed that R T@BT TT TT TT P
p 1T, then the X vector was p T, p 1, p T, p 1T, T, T, T). The diagonal of efficient tape was
0.00004 =t p 1, which was exactly negligible where inputs are restricted in the set of integer
numbers. Even if R is defined as T8p p 11, the diameter of efficient tape is 0.4 only, which is still
negligible where inputs are restricted in the set of integer numbers. With these scenarios they depicted the
significant results of KAM in comparison with current DEA models. The process of applying KAM can
be seen in the following figure.

Get Inputs and Outputs Define the weights Select an epsilon I
Apply KAM fora DMU l
]
No

Calculate the KAM score Reject targets with £&-DF End

Yes

Accept targets with&-DF

Figure: How to Apply KAM.

User may select different values of epsilon in interval [0, 0.1], and graph how KAM efficiency scores of a

ja74

DMU are changed on [0, 0.1]. In this case we have KAM function as follows: | - O3

If user is interest to find a minimum KAM score for an epsilon, it is suggested to extend non-linear AM
(Khezrimotlagh et al 2013c) to non-linear KAM given by:

p B w o i

i E® G B o o h

Subject to

B _o i o - hE'® ek,

B _& i o - WE® plish,

B _ p_ TE®PpRMRE,i mED plkB ha,i hE"® pltis m.
where @ O 7B 0 o, O 7B U w ,a -0 andae -70

Theorem 1 The targets of the above non-linear KAM is always on the Farrell frontier.

Theorem 2: If 0 p¥w , 0 pfw and - - h N 4 , hon-linear KAM is Slack-
Based Measure (SBM) proposed by Tone (2001).
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Theorem 3 Non-linear KAM can be transferred to linear form similar to SBM.
Theorem 4 The score of non-linear KAM is always less than or equal the score of linear KAM.

The above theorems clearly illustrate the significant and robustness of KAM in comparison with current
DEA models. Indeed, non-linear KAM can consider any possible weights of DMUs and its scores are

always in the interval [0,1]. Now KAM function can be defined as follows for - -h ~a
B w ® i’
|. - p € l‘ r. 2 8
p B w i (&)

User may change the values of epsilon for KAM function, and graphs it. When the epsilon components
are - -®, and - -@, for -va | Q pkfB h, and 'Q plghB ), if the value of epsilon
increases the score of non-linear KAM decreases which shows that KAM function is always decreasing in
this case.

The results of linear KAM and non-linear KAM can be read with many different views. For instance, one
view is that KAM says if a very small error is introduced in variables of a DMU, how much effects will
have on its technical efficiency score. If the differences between the scores of 0-KAM and - -KAM (-
m) is negligibale, KAM suggests that the measured technical efficiency score is significant. Otherwise,
KAM does not know that DMU as efficient. Khezrimotlagh et al (2013a) also proposed the following
definitions which illustrates the differences between efficiency and technical efficiency meanings:

Definition: A technical efficient DMU is KAM efficient with - -DF in inputs and outputs if 0 6 0 O

1 . Otherwise, it is inefficient with --DF in inputs and outputs. The proposed amount for| isp 1 - or
-Ta .

Another view is that KAM measures the instabilities of the Farrell frontier. KAM says if the Farrell
frontier gets a small width (or gets thickness) are the known technically efficient DMUs best performers
yet?

Moreover, since epsilon is a vector with & 1 dimantions, it can at least be selected ¢ times by
selecting some of its components as 0. For instance, if - - h m Na ,KAMis KM and
if - -k - htvag , KAM is AM. Therefore, each of these selections of epsilon provides
different views of KAM results. From these outcomes user can test each factor by selecting different
components for epsilon. For instance, if epsilon is considered as T8 fh ¢ HrfB ht, it says if the

last input value is increased by -@ how much effect does it have in the measured efficiency score of
$-5

CONCLUSIONS

In this paper it is illustrated how an epsilon can be selected for KAM to measure the efficiency scores of
DMUs. The KAM function and how to test each factor are also proposed.
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ABSTRACT

In this paper we contribute to the literature studying the link between public subsidies and farm tecficigad ef

We provide a metanalysis and a meteegression analysis of the empirical literature, where the observed effect

sizes and their heterogeneitlye modeled and investigated using the empirical Bayes-aredéytical framework.

Our investigation cofirms the generallfound negative effect of subsidies on farm technical efficiency, suggesting

that public subsidies distort farmersd incentive to pr
effect size indicates that a 1% point inase in the sharef subsidy in farm income leads to a 1.87% decrease in

technical efficiency. Results from the metgression analysis reveal that the overall effect is robust to the
production suksector the area considered, and the method ugatd Envelopmenfnalysis DEA) or else).

Keywords technical efficiency; subsidies; farms; Bayesian natalysis

INTRODUCTION

In the context of agricultural policy reforms in developed countries, the subsidy-efficiency link in the
agricultural sector is becoming a central question. Several empirical studies have investigated the impact
of public subsidies on farm technical efficiency. Although the general impact is negative, some findings
are inconclusive. For example, Kumbhakar and Lien (2010) and Kumbhakar et al. (2014) found
contrasted results for Norwegian grain farms with a similar investigation method. Hadley (2006) and
Iraizoz et al. (2005) reported contradictory results for the beef production sector using a similarly
constructed variable and a similar framework.

In such case of ambiguous findings, it is widespread to perform a meta-analysis (Cooper and Hegdes,
1994; Cucherat, 1997). The meta-analytical framework allows combining outcomes of studies carried out
on a particular research question in order to produce an overall finding. Further, an extension to standard
meta-analysis, referred to as meta-regression analysis, may allow investigating the results’ heterogeneity
of meta-analyzed studies (Stanley and Jarrell, 1989). In this light, this study aims to shed light on the
relationship between public subsidies and farm technical efficiency, using a meta-analytical framework.

METHODOLOGY

The data used here are collected from a systematic literature review of studies addressing the issue of the
link between public subsidies and technical efficiency in the agricultural sector. The basic dataset
generated contains a hundred of independent estimated models reported in 68 empirical studies over the
period 1972 to 2014. For a given empirical study, the independence of estimated models is assumed if
they consist of estimations for different countries, or for different regions or for different production
sectors.
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In the existing literature various impact variables are used, that is to say variables proxying the extent of
farm subsidization (absolute level of subsidies, subsidies per hectare, etc). The most commonly used
impact variable is the subsidy rate, i.e, the ratio between total subsidies received and farm net income.
Thus, our meta-analysis is performed on this impact variable. This reduces our meta-dataset to 57
estimated models extracted from 20 empirical studies over the period 1982 to 2013. The 20 studies are the
following: Bakucs et al. (2010), Barnes et al. (2010), Bojnec and Latruffe (2009 and 2013), Ferjani
(2008), Fogarasi and Latruffe (2009), Gaspar et al. (2007), Giannakas et al. (2001), Guyomard et al.
(2006), Hadley (2006), Iraizoz et al. (2005), Kumbhakar et al. (2014), Lambarraa and Kallas (2009),
Latruffe et al. (2012 and 2013), Manevska-Tasevska et al. (2013), Nastis et al. (2012), Zhu and Oude
Lansink (2010), Zhu et al. (2011) and Zhu et al. (2012).

In the present study the effect size, that is the measure of the magnitude and the direction of the
relationship between subsidies and farm technical efficiency, is a regression slope. However, in meta-
analytical practice the use of regression coefficients as effect size is relatively complex. This is due to the
fact that the slope coefficients are not typically equivalent. For instance, they vary with the covariates,
analytical methods, distribution and scale of the regressors (Becker and Wu, 2007; Cooper, 2010). In
addition, following Bravo-Ureta et al. (2007), we introduce in the meta-regression a control variable
defined as the ratio between the number of regressors and the sample size of the primary studies.

A random-effect meta-analysis and a random-effect meta-regression are performed here. The random-
effect meta-analysis allows estimating an overall effect which is a weighted mean, where the weights are
given by the within-study and the between-study variance of the individual effects. When the number of
observations is limited (as it is the case in this study), recent advances in meta-analytical procedures
advocate the use of Bayesian methods to perform a random-effect meta-analysis (Thompson and Sharp,
1999). A major advantage of the Bayesian approach is that it involves consistent results under finite
sample. Nevertheless, the use of a fully Bayesian framework is often a challenge, relative to the choice of
the prior distribution. This choice is crucial since the posterior distribution is sensitive to the prior. An
alternative approach is the empirical Bayes method (Moris, 1983). This procedure approximates the
Bayes rule by estimating the prior from the observed data. Thus the basic distinction between the
empirical Bayes and the full Bayes estimator is that the former uses the marginal distribution of the
observed data to estimate the prior (Lamm-Tennant et al., 1992). Given this, the empirical Bayes
framework is adopted here.

Meta-regression is an extension to standard meta-analysis and is used to explore the possible sources of
observed heterogeneity in the effect sizes. Thus, it allows assessing the influence of specific covariates
(moderating factors) on the overall effect size. The random-effect model can be expressed as follows:

DO i - AxEAODO it AT ADO mh, (1)
where w denotes the observed effect sizes, w the moderating factors, - a random error due to within-
study variability ,, ,1 is a parameter to estimate, and * a random error due to between-study variability

T . Following Bravo-Ureta et al. (2007) we assume that the magnitude and the direction of the link
between public subsidies and technical efficiency vary with characteristics of the primary studies,
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including sample size, number of covariates and analytical method. In addition, we assume that the
heterogeneity of the observed effect sizes can be explained by other moderating factors such as the type
of production sub-sector considered (for which the minimum of managerial effort required differs) and
the geopolitical location.

Consequently, the moderator factors tested here consist of the following variables: varsize a control
variable defined as the ratio between the number of regressors and the number of observations in primary
studies; method a dummy variable equal to one for the two-stage approach consisting in Data
Envelopment Analysis (DEA) in the first stage and econometric regression in the second stage, and zero
otherwise; livestock a dummy variable equal to one for studies on livestock farms excluding dairy farms,
and zero otherwise; dairy, a dummy variable equal to one for studies on dairy farms, and zero otherwise;
EU-area a dummy variable equal to one for studies on European Union countries, and zero otherwise;
and singleproduction a dummy variable equal to one for single-production farms, and zero for mixed
farms.

RESULTS AND DISCUSSIONS

The estimated bias coefficient of Egger’s test provides strong evidence for small-study effects, and thus
possible presence of publication bias. However, the trim-and-fill method, and the contour-enhanced
funnel plot (Figure 1) indicate that the hypothesis of publication bias is not plausible. Therefore, the
results are robust against publication, that is, publication bias may be safely ignored.

The empirical Bayes estimate of the overall effect size and related statistics are reported in Table 1. The
results indicate that the overall effect size is negative (-1.87) and statistically significant at the 1% level.
We can be confident that the overall effect is negative as the confidence interval includes negative values
only. That is, in general, the farm technical efficiency is negatively associated with the subsidy income
share. This inverse relationship suggests that extra income from subsidies have a negative influence on
farmers’ incentive to work efficiently, yielding lower efficiency score. Specifically, the magnitude of the
overall effect size highlights that a 1% point increase in the subsidy income share leads to a 1.87%
decrease in technical efficiency.

The heterogeneity test (Q-statistic) appears to be significant at the 1% level. In addition, the estimated |-
squared (98.9%) shows that the true effect sizes are highly heterogeneous. These results provide strong
support for investigating the possible sources of the observed heterogeneity. This is done with the
random-effect model specified in equation (1). Empirical Bayes results for this model, presented in Table
2, reveal that the overall effect is robust to the production sub-sector considered (variables livestockand
dairy), the area (variable EU-ared and the method used (variable method (two stages including a first-
stage DEA, or else). In other words, the direction and the magnitude of the mean effect are not
systematically influenced by the production sub-sector, localization and analytical method. Another
conclusion is that, as no variables are significant, key moderator drivers available in the empirical studies
do not provide enough evidence to explain the observed heterogeneity.
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Figure 1: Contour-enhanced funnel plot

Table 1: Empirical Bayes estimates of the overall effect size

Statistic P-value

Overall effed size [95% confidence intervd] -1.87 [-2.62; -1.12] 0.000
Heterogeneity analysis
Between-study variance (tau-square) 8.03
Q-statistic 4953.7 0.000
I-square 98.9%
Bias analysis
Egger’s test -7.69 0.000
Trim-and-fill estimate of missing studies 0
Number of meta-data 57
Table 2: Empirical Bayes estimates for the metaegression

Coefficient Std. error P>[t|
varsize ratio of the number of regressors on sample size -7.54 12.83 0.56
method two-stage method with first-stage DEA (dummy) 0.96 0.95 0.31
livestock livestock farms excluding dairy (dummy) 0.22 1.18 0.86
dairy: dairy farms (dummy) -1.59 0.99 0.12
single-production single production farms (dummy) 1.54 1.38 0.27
EU-area European Union countries (dummy) 0.57 1.18 0.63
Intercept -2.14 1.11 0.06
Number of observations 57
Tau-squared 7.76
[-squared residuals 98.9%
Adjusted R-squared 3.43%
F(6,50) 1.30 Prob>F: 0.27

CONCLUSIONS

The overview of the empirical literature on the subsidy-efficiency link reveals that the most common
finding is an inverse relationship, but that a positive effect of the subsidies are sometimes obtained. The
results of the meta-analysis confirm the inverse relationship, suggesting that extra income from subsidy
creates disincentives to farmers for producing efficiently. This relationship is robust to the type of method
used in the literature, whether parametric or DEA, to calculate the efficiency scores.
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ABSTRACT

This paper investigates the dynamics between key regulatory and supervisory policies, various aspects of bank
specific and country specific factors and bank efficiency for a sample of 88 commercial banks 20110 %he

focus hasbeen on two emerging market economies, Turkey and Russia, given the fact that they share a similar
banking history. In the first stage analysis traditional Data Envelopment Analysis (DEA) technique is applied to
measure technical efficiency scores of barBsr regression framework in the second stage analysis includes
Ordinary Least Square (OLS) and we carry out a sensitivity analysis for robustness by using dummy and various
combinations of control variables. Empirical findings suggest that stricter alapilequacy standards and
development of powerful supervisory agencies positively affected bank efficiency contrary to private monitoring,
deposit insurance scheme and entry regulations. Evidence also indicates that stricter regulations have a positive
impact on Turkish banks across years whereas Russian banks experienced decreasing efficiency scores after 2005.
Finally, findings illustrate that regulation has a significant role in diminishing effects of a financial crisis.

Keywords Regulation and supeniim, Russian banks, Turkish banks, DEA, bank efficiency

INTRODUCTION

Banking crises around the world over the last thirty years, especially the most recent 2007-2009 Global
Financial Crisis, have attracted attention of policy makers on the construction of an appropriate regulatory
and supervisory framework in banking. However, as argued by Demirguc-Kunt et al. (2006) this task is a
complex and difficult process since there is no clear answer on what exactly is good regulation and
supervision and how specific regulations affect the performance and stability in banking. Regulation in
banking is more important than in other sectors as externalities arising from an individual bank failure
might lead to a systemic failure in the whole sector, hence affecting the economy and society as a whole.
It is emphasised by Jalilian et al (2007) that when strict regulation limits or restricts activities of banks,
this results with an impact on their businesses and efficiency. This is due to the fact that banks may prefer
to engage in riskier investments and activities to minimise the impact of higher regulatory burden, which
in return could affect economic performance.

Studies introduced by Drake et al. (2006), and Berger and Mester (2003) investigate the impact of
regulations on individual countries rather than providing international evidence. With an aim to provide a
more comprehensive analysis on the impact of regulations, a smaller but growing number of studies such
as Pasiouras (2008) and Pasiouras et al. (2007, 2009 and 2011) recently explore different banking
regulatory and supervisory regimes around the world using “The Bank Regulation and Supervision
Survey” carried out by the World Bank (WB). This survey is a unique source of comparable world-wide
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data permitting international comparisons of a wide range of issues related to banking regulation and
supervision.

Firstly, capital adequacy requirement (CAR) is one of the central instruments of prudential regulation.
Impact of this regulation on banks’ risk-taking behaviour is a controversial issue in the literature. Some
studies argue that capital regulation contributes to bank stability whereas others find that they make
banks’ balance sheets riskier than they would be in the absence of such requirements due to regulatory
arbitrage. Other studies introduced by Calem and Robb (1999) and Santomero and Koehn (1980) find that
capital requirements increase the risk-taking behaviour of banks, while Kendall (1992) and Fernandez and
Gonzalez (2005) argue that this happens depending on specific circumstances. Pasiouras (2008) and Barth
et al. (2010) found that technical efficiency is positively related to stricter capital adequacy standards.

Secondly, official disciplinary power stands for the ability of supervisors to have the authority to take
specific actions to prevent and correct problems. Beck et al. (2006) and Levine (2003) discuss that a
powerful supervisor could contribute to a bank’s performance in terms of improving the corporate
governance of banks, reducing the corruption in lending and enhancing the functioning of banks as
financial intermediaries.

Thirdly, banks™ behaviour is also affected by private monitoring. Demirguc- Kunt et al. (2008) and Levine
et al. (2005) find that regulations that promote private monitoring contribute to bank development which
is in line with the private monitoring approach. Duarte et al. (2008) argue that increased disclosure
requirements would have a negative impact on the efficiency of banks in terms of increasing the costs of
making additional disclosures, not to mention the additional time and effort required to prepare the
disclosure reports.

Fourthly, deposit insurance contributes to bank stability by preventing self-fulfilling depositor runs since
depositors would have little incentive to withdraw their funds if they know that their deposits are insured
by the government (Diamond and Dybvig, 1983). On the other hand, deposit insurance might have a
negative effect on bank stability by encouraging risk-taking on the part of banks. Barth et al. (2004) and
Demirguc-Kunt and Detragiache (2002) investigate the relationship between deposit insurance and
banking stability and find that deposit insurance is detrimental to bank stability. In their earlier study
conducted in 1999, they also found that deposit insurance increases banking system fragility in countries
with weak institutions.

Finally, entry restrictions are one of the tools of structural regulations. Keeley (1990) argues that banks
with monopolistic power have greater franchise value, which would give them an incentive for prudent
behaviour. Demirguc-Kunt, Levine and Min (1998) and Wang and Bayraktar (2006) support the view that
the regulatory restrictions indeed have negative effects on competition in banking.

METHODS

In this paper, the traditional input-oriented DEA model with Variable Returns to Scale (VRS) is applied
to a panel data of 869 observations corresponding to the period of 1999-2010. In the second stage, we
followed McDonald (2009) in applying the OLS regression technique to relate efficiency scores estimated
in the first stage DEA analysis to bank-specific and country-specific factors seen to influence efficiency.
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The primary source for Russian banks is the Bankscope and the Banks Association of Turkey (BAT) for
Turkish banks. Banks with any missing values or insufficient report of data were excluded from the
sample.

Following Sealey and Lindley (1977) and Pasiouras (2008) a variation of the intermediation approach is
adopted where a model with three inputs and three outputs is estimated by using the DEAP. Total
customer deposits, interest expenses and fixed assets are chosen to serve as inputs. The output variables
capture both the traditional lending activities (total loans, interest income) and the non-lending activities
(other earning assets) of banks. In order to investigate the impact of regulatory environment on banks’
efficiency, efficiency scores are regressed on the regulatory variables while controlling for other country-
specific and bank-specific characteristics that are commonly used in the literature.

We followed Pasiouras (2006; 2008) and Isik and Hassan (2003) in the selection of bank-specific
variables as: 1) equity to assets ratio (EQAS) which controls capital strength, 2) bank’s net loans to total
assets ratio (LOANTA) as a measure for loan activity, 3) pre-tax profit to equity (ROE), and 4) non-
interest expenses to assets ratio (EXPTA). Concerning country-specific characteristics, the Gross
Domestic Product (GDP) growth rate is used to control for macroeconomic conditions within each
country following Hauner (2005) and Pasiouras (2008).

OFGOVBANKS indicates the fraction of t banking system’s assets held by banks which are 50% or more
owned by the government. Barth et al. (2002) argue that since government ownership may distort the
application of different supervisory approaches, it is important to control for the degree of state-owned
banks. Hence, it is important to account for the degree of government ownership of banks while
examining regulations and supervisory practices. Finally, it is also important to control for the
institutional differences in order to understand the effects of different legal environments on the financial
system. Therefore, a variable to control for government intervention in the economy (GOVNINTERV) is
included in the model.

RESULTS AND DISCUSSIONS
First-Stage Analysis: DEA results

Panel A (Turkish banks) results illustrates that during the 2000/2001 crises period, there is a decrease in
efficiency, as expected. The reforms of the post-2001 Stabilisation Programme involved stronger capital
structures, changes in the banking law, and better risk management and supervision, which resulted with a
slight increase in efficiency until 2005, except 2003 and 2004. Following the introduction of the new
Banking Law in 2005, there is a remarkable increase in efficiency until 2010. The mean efficiency of
0.759 in 2007 is followed by 0.869 in 2008, 0.889 in 2009 and finally 0.878 in 2010.

Panel B (Russian banks) results indicate that following the 1998 financial crisis, the Bank of Russia took
steps towards restructuring the banking system. It is observed that the Russian banks’ performance
increased between 1999 and 2005, with only a slight decrease between 2001 and 2002. Following the
banking crisis experienced in Russia during 2004, the Russian Government and the Bank of Russia
adopted the Banking Sector Development Strategy in April 2005 covering the 2005-2008 period. This

244



reform aimed at developing the banking sector and enhancement of bank stability and efficiency in the
medium term of 2005-2008. However, findings illustrate that efficiency decreased after 2005. The mean
efficiency of 0.821 in 2005 is followed by 0.802 in 2006, 0.763 in 2007, 0.688 in 2008, 0.640 in 2009 and
0.598 in 2010.

Table 1 DEA technical efficiency scores

Years CRSTE VRSTE SE Years CRSTE VRSTE SE
Panel A: Turkish banks Panel B: Russian banks
1999 0.325 0.606 0.559 1999 0.594 0.653 0.905
2000 0.505 0.644 0.794 2000 0.551 0.729 0.745
2001 0.498 0.629 0.816 2001 0.716 0.804 0.892
2002 0.526 0.681 0.767 2002 0.739 0.787 0.944
2003 0.662 0.741 0.878 2003 0.735 0.805 0.925
2004 0.624 0.691 0.921 2004 0.785 0.815 0.966
2005 0.526 0.691 0.794 2005 0.810 0.821 0.988
2006 0.368 0.710 0.555 2006 0.780 0.802 0.976
2007 0.719 0.759 0.951 2007 0.713 0.763 0.936
2008 0.821 0.869 0.945 2008 0.594 0.688 0.879
2009 0.818 0.889 0.922 2009 0.561 0.640 0.895
2010 0.785 0.878 0.895 2010 0.505 0.598 0.885
Mean 0.598 0.732 0.816 Mean 0.674 0.742 0.911

Notes: CRSTE: Technical Efficiency from Constant Returns to SE¥®STE: Technical Efficiency from Variable Returns to
Scale SE: Scale Efficiency€RSTE/VRSTE
SECOND-STAGE ANALYSIS: OLS RESULTS

Since we suspect that regulations might be the cause of the difference between the two countries, a second
regression was run. In order to test the impact of regulatory variables on the banks’ efficiency, the dummy
variable was excluded and the regression was run adding the regulatory variables and country-specific
variables.

Table 2Impact of control variables on technical efficiency

) . Robust
Variables Coefficient Robust t P >t Variables Coefficient Std. t P >t
1) Std. Error 2) Error
ROE 0.0000186 0.0000507 0.37 0.715 ROE 0.0000186  0.0000507  0.37 0.715
EQAS 0.0029697 0.0008469 351 0.001*  EQAS 0.0029697  0.0008469 351  0.001*
LOANTA 0.0079086 0.0007313  10.81 0.000*  LOANTA 0.0079086  0.0007313 10.81  0.000*
EXPTA 0.0009445 0.0015449 0.61 0.543 EXPTA 0.0009445 0.0015449 0.61 0.543
GDP 0.0024515 0.0015853 1.55 0.126 GDP 0.0024515  0.0015853  1.55 0.126
OFGOVBANKS -0.0017184  0.0008687 -1.98  0.051** OFGOVBANKS -0.0017184  0.0008687 -1.98  0.051**
GOVNTINTERV -0.0024108 0.0124208 -0.19 0.847 GOVNTINTERV  -0.0024108  0.0124208 -0.19 0.847
TURKEY 0.1889056 0.219252 8.62 0.000* RUSSIA -0.1889056 0.0219252  -8.62 0.000*
cons 0.3523187 0.077009 4.58 0.000* _cons 05412243  0.0768454 7.04  0.000*

Notes:*Statistically significant at the 1% level

Table 3: OLS Regression Results
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Variables Coefficient Robust Std. Error T P >|t|

CAPTREQ 0.2329109 0.056166 4.15 0.000*
OFFDISCPLINE 0.0578942 0.0114127 5.07 0.000*
PRVTMONITOR -0.1770744 0.0394925 -4.48 0.000*
DEPOSITINSUR -0.4754652 0.1092347 -4.35 0.000*
ENTRY -0.1978618 0.0383493 -5.16 0.000*
ROE -2.63E-06 0.0000468 -0.06 0.955
EQAS 0.0027487 0.000934 2.94 0.004*
LOANTA 0.0099268 0.0007869 12.61 0.000*
EXPTA -0.0011137 0.0015121 -0.74 0.463
GDP 0.0009409 0.001244 0.76 0.451
ofgovbanks -0.0020203 0.0011628 -1.74 0.086
GOVNTINTERV 0.0085346 0.0140041 0.61 0.544
cons_ 1.065441 0.2014387 5.29 0.000*

Notes:* Statistically significant at the 1% level

The results provide evidence in favour of the regulations related to stricter capital adequacy standards
(CAPTREQ) and official disciplinary power (OFFDSCPLINE). Both variables are statistically
significant. Higher capital stringency increases banks’ efficiency, which provides support to the first pillar
of Basel Il and to its prospective enhancement through Basel I11. Higher official disciplinary power (Pillar
2 of Basel II) is also positively associated with higher efficiency, providing evidence for the official
supervision approach as well.

Regulations that enhance private monitoring — the variable PRVTMONITOR - (Pillar 3 of Basel Il) are
negatively associated with banks’ efficiency. This is in line with Duarte et al. (2008) and Pasiouras et al.
(2007), who argue that increased disclosure requirements such as obtaining credit ratings from external
agencies, disclosure of off-balance sheet items to supervisors and to the public, disclosure of risk
management procedures to the public as well as auditing by certified auditors might have a negative
impact on banks’ efficiency due to increased costs. Regulations related to deposit insurance
(DEPOSITINSUR) and entry requirements (ENTRY) also have a negative impact on the efficiency of
banks. Demirguc-Kunt and Detragiache (2002) show that safety nets such as deposit insurance and
Lender of Last Resort (LLR) provided by the central banks are likely to increase the risk of bank
instability. Barth et al. (2006a) emphasize that subjecting bank liabilities to the risk of loss should be one
of the key items of a prudential regulatory framework that aims to enhance market discipline and reduce
risk-taking.

From the control variables related to bank-specific characteristics, the variable EQAS measuring the
capital strength, is statistically significant and positively associated with efficiency. LOANTA, a measure
of loan activity, is also positively associated with efficiency, but it is statistically significant. Finally,
expenses relative to assets (EXPTA) and profitability (ROE) do not have an impact on banks’ technical
efficiency which is in line with Pasiouras’ (2008) findings. Controlling for macro-economic conditions, it
is found that the GDP growth rate (GDP) has a positive impact on efficiency; however it is statistically
insignificant. The negative coefficient on OFGOVBANKS indicates that a lower number of government-
owned banks would result in an increase in efficiency. This result is statistically significant and it is also
in line with Barth et al. (2001a) and Pasiouras (2008) who find that greater government ownership is
generally associated with less efficient financial systems. Finally, the proxy used for the government
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intervention in the economy (GOVNINTERYV) is meant to control for the differences in the overall
institutional environment between Turkey and Russia. However, its impact is statistically insignificant.

CONCLUSIONS

The results of DEA indicate that Turkish banks’ performances in general show an increasing trend, firstly
with the implementation of the Banking Restructuring Program in 2001 and then with the introduction of
a new Banking Law in 2005, which is based on stricter regulations and supervision system. On the
contrary, Russian banks’ efficiency starts to decrease gradually from 2005 until 2010. Although Russia
implemented a Banking Restructuring Program for the period 2005-2008, banks’ performances
deteriorated. This analysis is followed by the regression analysis to investigate the impact of regulations
related to capital adequacy, private monitoring, disciplinary power of the authorities, entry into banking
and deposit insurance on banks’ technical efficiency while controlling for country-specific macro-
economic factors, market structure, and overall institutional development.

The empirical analysis provides support for stricter capital adequacy standards and for the development of
powerful supervisory agencies, but not for a private monitoring approach, deposit insurance schemes and
entry regulations. This would imply that banking regulatory authorities in emerging markets should focus
on maintaining high levels of capital adequacy requirements and developing powerful supervisory
agencies for the sake of enforcement of regulations. With respect to the bank-specific characteristics, it
was found that capital strength and higher loan activity result in higher technical efficiency. Expenses
relative to assets and profitability do not have an impact on banks’ technical efficiency. Finally, it was
found that among the country-specific variables such as GDP, the presence of government-owned banks
and the degree of government intervention in the economy, only the presence of government-owned

banks has a significant impact on banks’ efficiency, though in a negative way.

Looking at the regulatory indexes used in the regression analysis, it is observed that as most of the
regulatory and supervisory indexes get a higher value in Turkey, Turkish banks’ performance increases
gradually, even during the 2007-2009 crisis. This suggests that stricter regulations had a positive impact
on Turkish banks across the years. On the other hand, most of the regulatory indexes in Russia get a lower
value after 2005, which is accompanied by the decreasing efficiency scores of Russian banks after 2005.
These decreasing efficiency scores of Russian banks are even confirmed by the 2008-2009 banking crisis
experienced in Russia where many banks were either wiped out or bailed out by the Central Bank of
Russia whereas Turkish banks did not experience any other crisis after 2001.
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ABSTRACT

The conventional DEA gives each DMU an extréieability in selecting its own weights in order to get its optimal

efficiency score, which may result in a relatively high number of efficient DMUs, and prevents DEA from being a

robust approach in determining the most efficient ukibreover, this flebility hampers a common base for

comparison and leads to a weak discrimination power among all DMUs as well as unrealistic weights allocation

among inputs and outputs for all or part of DMUis this paper we show that these drawbacks can be satisfagctoril

overcome by compromise solution approach (Kao and H20@5) We ext end t he Kao and Hungo
BCC model and scale efficiency computation. To compare the proposed middehe conventional DEA models,

a sample of 30 Malaysian commerciariis is examined for the period 2006 to 2011, in terms of efficiency scores,

ranking and returns to scale.

Keywords.Data Envelopment Analysis; Multiple Criteria Decision Making; compromise solution; discrimination
power; weight distribution.

INTRODUCTION

Since the introduction of the basic DEA model of Charnes et al. (1978), researchers have relentlessly kept
on improving it by suggesting more sophisticated additions such as statistical tests, integrating other
approaches with the DEA like Multi-Criteria Decision Making. Moreover, analysts also attempted to
improve their findings in terms of ranking and discrimination power of the efficient units by introducing
the Common Set Weights DEA approach methods (Li and Reeves, 1999). In conventional DEA each
DMU is entitled extreme flexibility to select its own input and output weights to reach optimal efficiency
score. This full freedom of weight selection leads to the following drawbacks: 1) Generally a large
number of DMUs appear to be efficient, that is, DEA lacks discrimination power among DMUs, 2) each
DMU has its own optimal weights, there is no common weight set basis for ranking the DMUs, 3) it often
happens that the distribution of weights for individual DMUs is not realistic, that is, some weights are
given relatively very large or relatively very small value compared to others. These drawbacks have been
reported in the following works (Li and Reeves, 1999), Kao and Hung (2005), Doyle and Green (1994)
and Saati et al. (2012).

In this paper the conventional BCC model is extended to the compromise solution model of Kao and
Hung (2005). Besides, a model for scale efficiency computation based on the Compromise Solution
Approach (CSA) is introduced. The Kao and Hung model and the two newly introduced models address
satisfactorily the DEA drawbacks 1)-3) mentioned above. This statement is validated by the comparison
of the results obtained from the proposed DEA-MCDM models with those of the basic DEA models. To
this end, 30 Malaysian commercial banks were selected to be examined from the year 2006 to 2011.
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The paper is organized as follows: Section 2 presents the newly introduced compromise solution DEA
models. Section 3 compares the introduced models to the corresponding models on a sample of 30
Malaysian banks. Finally, Section 4 concludes the paper.

THE DEA-MCDM -COMPROMISE SOLUTION APPROACH

In this study, we apply the DEA-MCDM-Compromise Solution Approach proposed by Kao and Hung
(2005), which is a type of MCDM models within the DEA framework based on Common Set of Weights.
Kao and Hung (2005) relied on the original fractional DEA model to derive a non-linear MCDM model
for efficiency computation. Our work aims to extend Kao and Hung’s approach by introducing a model
derived from the basic BCC DEA model. Further, a model for scale efficiency computation is introduced.
Our approach is summarized as follows:

Step 1:Derive non-linear MCDM models from the basic CCR and BCC models. The obtained non-linear
MCDM models are called the CCR Compromise Solution Modtile BCC Compromise SolutioRurther,
formulate the Scale Efficiency Compromise Solution Model

Step 2: Compute TEcsw (technical efficiency) PTEcsw (pure TE) for each DMU by using the CCR and
BCC Compromise Solution Models respectively.

Step 3: Compute the SEcsw (scale efficiency) for each DMU by using Scale Efficiency Compromise
Solution Model’.

Step 4 Compare the results of conventional DEA and compromise solution approach on a Sample of 30
Malaysian Banks.

One of the common solutions of MCDM problems is called Compromise SolutionBasically, the
Compromise Solution seeks to minimize the distance between some reference point, the ideal
point, and the feasible criterion region. Let us examine the case of L,-metrics used for measuring
the distances. Let us consider an MCDM problem involving n criteria "Q ¢ AQ o MBHQ @, and
the decision set "YO 'Y , then the problem to be solved is:

minimize B Qo & 7 subjectto  xN' S (3.0)

where & [ A@ Qo HQ pfB It is the ideal point. The widely used values for p are p = 1, 2,
or Hb In this paper we use p = 2.

Theorem 3.1Every solution of the problem (3.0), where 1 p  Hbhis Pareto optimal.

The CCRCompromise Solution Model

This model was introduced by Kao and Hung (2005). Let us recall the basic CCR model

: B uy
max ‘O il
B ViXi
B uy , . .
S.t. 1, t=1,.n, 0 mr=1,.,s, 0 T i=1,.,M (31)
B ViX

where: s=number of outputs, m=number of inputs and n = number of DMUs.
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Next, consider the ideal vector of technical efficiency E* = (O, O, .., 0O)
This vector is an ideal vector of optimal values obtained by solving the problem (3.1) for each DMU.
Now we formulate a common set of weights problem based on (3.0) to find the closest efficiency vector
to the ideal vector E*.

7
6 Q&= B g
ViXig
s.t. B Uy, 7B ViXj, pF\ t= 1,2,. ..,N (32)
uhv >0, r=1,...,s, i=1,...m.

Let the solution of the CCR Compromise Solution model (3.2) be 0%, 6**,r=1,2,....,sand 0, i
= 1,2,....,m. Thus, we have a common set of weights for all DMUs. For each DMU, t, the

] ] i . ) , B ZZyr
efficiency score based on common weights is 0 =———=—, t=1.2,....n.

B X,

The BCOCompromise Solution Model:

We first recall the BCC model for each DMU, t,t=1,2,....n.

o N B WYy
0 O ol

B vix;
i B vxy B uwy, Q m 0 piBHR (3.3)
6 mr=1..s 0 1 i=1,...m, "Qisfreeinsign

where: s = number of outputs, m = number of input, n = number of DMUs. Consider DMU, and
let 0 'S be the optimal value of the objective function of problem (3.3), and let the optimal
values of its variables be denoted by 6* (t), r=1,2,....5, 0" 0 ,i=1,2,....mand'Q". 0 & is the
pure technical efficiency of the DMU t and the variables 6°* (t), and b** 0O are its corresponding
weights in model (3.3). Let 0 & = (0 G T ,......, 0 &) be the vector of pure technical
efficiencies of all the DMUs. This vector will be used as an ideal point in the Compromise
Solution Approach presented below:

Now we formulate the common weights programming problem to find the closest pure technical
efficiency vector of all DMUs to the ideal vector 0 '&.
T

a4 0H= B —BB 06

st B wy, B wvixyz Q p t=1,2,...,n (3.4)

whv 20, r=1,...,s, i=1,...m, E freein sign.

Denoteby 6 ,r=1,2,...5,0 ,"Q",i=1,2,....m, the optimal values of the
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variables of (3.4). Thus, the pure technical efficiency of each DMU, t, is

. Bl o0 Y&y, @ |
0 YO = ":—OM h t=1,2,...,n. These values represents the common

B"QpU"Q ﬁ)@
weights pure technical efficiency of the DMU; t = 1,2.....,n. Note that CSW stands for Common
Set of Weights.

The Scale Efficiency Compromise Solution Model

Finally, we apply the nonlinear Compromise Solution model to the scale efficiency measures. The new
nonlinear model is called “the Scale Efficiency Compromise Solution” model. We aim to minimize the
distance between the efficiency frontier (SECSW) and the ideal point SE= ("Y'GB RY'O) consisting of
scale efficiency of DMUs 1,..., n obtained from conventional DEA.

T
e e B B -
a Vo= B S ¥ 5 YO

R 1.2 3
s.t. = = p t=1,2,...,n 3.5)
u v ,6 hb >0, r=1,...,s, i=1,...m, "Q free in sign

We denote by "Y'O  the optimal value of the objective functions of (3.5) ,andby 6 , 6 br=

1,2,....sand 0,0 hi=1,2,.....m the optimal values of its variables. Thus, the scale efficiency of
B B ’
each DMU, t, t = 1,2,...,n is given as follows: YO = 5 ¥ - , t=1,2,...n .

These values represents the common weights scale efficiency of the DMUt , t=1,2,....,n.

ILLUSTRATION ON MALAYSIAN BANKS

The sample used in this study consists of data of the 30 major commercial banks operating in Malaysia
listed in Bank Negara Malaysia (Central Bank of Malaysia) website for the period 2006 to 2011. We
adopt the intermediation approach. The input vector comprises: (1) Labor (measured by personal
expenses), (2) Capital (measured by fixed assets) and (3) Total deposits (including Deposits & short term
funding, Total Customer Deposits and Deposits from Banks). On the other hand, the output vector
comprises: (1) Total loans (including Loans and Advances to Banks), (2) Other Earning Assets and (3)
Off-Balance sheet Items.

By construction the compromise solution models provide a common set of weights for all DMUs each
type of efficiency thereby overcoming the conventional DEA drawback 1) mentioned in the introduction.
Regarding the other two drawbacks, the findings of the study are summarized in Tables 3.1 and 3.2
below. As for the discrimination power, appears clearly from Table 3.1 that compromise solution
approach (3.2),(3.4) and (3.5) has a far better discrimination power than conventional DEA. Indeed, the
conventional CCR model yields 17 over 30 efficient DMUs, while CCR-compromise solution model
yield only one efficient DMU, DMU 26. On the other hand, for the pure technical.
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efficiency, the conventional BBC model yields 21 over 30 efficient DMUs, while BCC-compromise
solution model yields only three efficient DMUs. Consequently, there will be a significant difference in
the ranking of the DMUs between the two approaches.

Table 3.1Technical efficiency scores obtained from the conventional DEA and the comprosa solution
approach using CCR and BCC Models

CONVENTIONAL DEA COMPROMISE SOLUTION

DMUs DMUs APPROACH
TEccr PTEgcc TEcsw PTEcsw
DMU; 1.00 1.00 DMU;, 0.99 1.00
DMU, 0.82 0.83 DMU, 0.80 0.80
DMUs 1.00 1.00 DMUs 0.97 0.96
DMU, 0.99 1.00 DMU, 0.81 0.83
DMUs 1.00 1.00 DMUs 0.99 1.00
DMUj 0.94 1.00 DMUj 0.83 0.84
DMU, 0.96 0.97 DMU, 0.90 0.90
DMUs 1.00 1.00 DMU, 0.92 0.89
DMU, 1.00 1.00 DMU, 0.80 0.78
DMUj, 1.00 1.00 DMUy, 0.88 0.88
DMUy, 0.92 1.00 DMUy, 0.46 0.41
DMU,, 1.00 1.00 DMU,, 0.92 0.90
DMU,, 1.00 1.00 DMUj, 0.61 0.63
DMU,, 0.92 0.92 DMU,, 0.91 0.90
DMU;5 1.00 1.00 DMU;;5 0.83 0.85
DMUj;¢ 1.00 1.00 DMUj¢ 0.99 0.96
DMU;, 1.00 1.00 DMU;, 0.98 0.96
DMU;, 1.00 1.00 DMUj, 0.71 0.72
DMUjq 1.00 1.00 DMUjq 0.98 0.96
DMUy,y, 1.00 1.00 DMUyy, 0.89 0.86
DMU,, 0.92 0.93 DMU,, 0.90 0.91
DMU,, 0.91 0.91 DMU,, 0.85 0.85
DMU,; 0.82 0.83 DMU,, 0.78 0.78
DMUb,, 0.96 0.96 DMUb,, 0.77 0.78
DMUs 1.00 1.00 DMU,s 0.75 0.77
DMU, 1.00 1.00 DMU, 1.00 1.00
DMU,, 0.94 0.96 DMU,; 0.85 0.86
DMU,s 0.88 0.89 DMU,; 0.64 0.68
DMU,q 1.00 1.00 DMU,yq 0.99 0.98
DMUsx, 0.99 1.00 DMUsx, 0.95 0.93

As for the unrealistic distribution of weights, it clearly appears that the conventional CCR model suffers
from this problem as illustrated in Table 3.2. Indeed, for instance, the DMUq is found efficient by
allocating a weight of 41,628.60 to input uy, and a weight of 843, 787.60 to input us, that is u; is only 5%

of u; (— % T8t T Q) &his is a significantly unreasonable way of allocating weights. Besides,
output weights v, is less than 2% of output weight v, (— % T3t p ), eee Table 3.2 below. In

addition, DMU,g has completely ignored input weight us (0 weight), while it has assigned a weight v; of
output ys that is nearly 1% of the weights v; and v, of output y; and y, respectively. The problem appears
also in conventional BCC model but not to the same extent as the CCR model.

Table 3.2.The weights dtained from the conventional CCR Model

DMUs Input weights (CCR) DMUs Output weights (CCR)
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Uz U Us Vi Vo V3

DMUy, 0.00 0.00 37,804.10 DMUy, 1,000,000.00 1,000,000.00 8,459.00
DMU g 41,218.34 9,908.74 0.00 DMU g 1,000,000.00 1,000,000.00 12,621.26
DMU g 950,515.40 2,863.22 61,328.71 DMU g 1,998.11 262,472.10 417,224.20
DMUy 112,441.80 998,815.40 468.28 DMUy 41.48 476,381.10 355,512.90

On the other hand, the optimal Common Set of Weights (optimal solutions) values generated from the
CCR and BCC Compromise Solution models (3.2) and (3.4)

are 6° = (477437.5, 798883.3, 215470.3), 0° = (999999.4, 135802.9, 357705.1), 6> = (571082.1,
846453, 161642.5) and 0° = (739727.6, 139877.7, 390005.4),

respectively. It can be seen from the above optimal Common Set of Weights that both models yield a
balanced and realistic distribution of weights among inputs and outputs for all DMUs. That is, there are
no relatively extremely small or extremely large weight values as well as no zero valued weights. As for
the scale efficiency the conventional DEA resulted in 22 or 73% of the Malaysia banks are scale efficient,
while the compromise solution approach (3.5) resulted in only one bank as scale efficient, DMU;;. As for
return to scale, the findings show that 22 banks are operating under constant return to scale in
conventional DEA, while only one bank operates under constant return to scale in compromise solution
approach. Unfortunately, more interesting comparative results are not reported here because of space
constraint.

CONCLUSION

In the literature it has been pointed out that the lack of common basis for comparison among DMUSs, the
weak discrimination power among all DMUs, and the unrealistic allocation of weights among inputs and
outputs for all or part of DMUs are significant drawbacks that DEA suffers from. These problems have
been the focus of part of DEA literature. This paper is a contribution to this direction of research; its
findings have empirically validated the superiority of the proposed DEA-MCDM compromise solution
approach over the conventional DEA method with respect to the three aspects of the comparative
analysis. As the compromise solution has a better discrimination power and provides a more balanced set
of inputs and output weights, it can be more valuable than the conventional DEA for decision makers.
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ABSTRACT

The present paper using the Data Envelopment Analysis approach examines the extent of Input Oriented technical
efficiercy (IOTE) of Indian Pharmaceutical Industry (IP1) using firm level panel data from 2000 to 2011 in a single
output, multiinput model, the inputs being capital, labour, raw material and power & fuel. The paper also
attempted to find out the input slaakd the determinants of IOTE. For capital, raw material and power & fuel, the
total radial and slack movement gradually decreased and hence the IOTE have increased for those inputs but for
labour the same has gradually increased which has a negative impd@TE of labour. The R&D expenditure,
Marketing Expenditure, Capitdlabour ratio, Market Size and Export Intensity has a positive and significant effect

on IOTE. One of the most striking features of the model is that the relationship between 10T&rketdsMe and

Export Intensity are obtained to be nbnear. Vertically integrated firms involved in both bulk drugs production

and formulation activities are found to be less efficient in terms of IOTE compared to firms that produces only bulk
drugs.

Keywords:Technical Efficiency; Indian Pharmaceutical Industry; Data Envelopment Analysis

INTRODUCTION

Indian Pharmaceutical Industry (IP1) has expanded drastically in the last few decades. It has come a long
way since the time of independence when the industry was dominated by MNCs. The period after 1990s
saw significant changes in this sector with introduction of trade liberalization measures and signing of
TRIPS agreement. Both production and export have grown remarkably fast (Chaudhuri 2005). The
industry, in addition to meeting the domestic demand, is in a position to export significant volume of
pharmaceutical products to various destinations. Thus IPl has emerged as a global player in the
pharmaceutical industry. Given the high growth of this industry it will thus be interesting to access the
performance of IPI. . One of the available indicators of measuring performance of the industry may be the
index of Technical Efficiency (TE). TE can be of two types-Output oriented and Input oriented. The
present study uses the idea of Input oriented TE (IOTE).

The perusal of the literature suggests that few studies are available regarding estimation of TE of IPI
using DEA. (Majumder (1994), Majumdar and Rajeev (2009), Mazumdar, Rajeev and Ray (2009),
Saranga and Banker (2010), etc.)

The major contributions of the present study to the existing literature are as follows:

The present study might be the first attempt to look into TE of IPI after 2005 i.e. in the post TRIPS period
which has been ignored by the earlier studies. So the present study have taken into account this point and
considered the period 2000 to 2011.
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Most of the earlier studies tried to find out the factors influencing Output-oriented TE of IPI, whereas the
present study tries to explain the behavior of IOTE. The literature dealing with the explanations of the
factors influencing IOTE is practically non-existent.

One of the major characteristic of IPI is that the industry produces either bulk drugs or formulation or
both. Thus there are vertically integrated firms. So the basic question is which firms are more efficient
over the others- producing only bulk drugs or only formulation or both formulation and bulk drugs? So in
the present study one can test whether vertically merged firms are doing well in terms of IOTE compared
to the firms not merged vertically. Another important characteristic of IPI is that they import a lot for the
purpose of re-export. So there is a possibility of joint influence of export and import and this point has
been taken into account in the present study.

METHODOLOGY AND DATA SOURCE

The input oriented technical efficiency (IOTE) is estimated by employing the nonparametric approach of
Data Envelopment Analysis (DEA) following Banker, Charnes, and Cooper (1984) under variable returns
to scale and using firm level panel data from 2000 to 2011 in a single-output, multi-input model. The
inputs considered are: (i) labour (ii) capital (iii) raw material and (iv) power & fuel.

The input-oriented measure of TE of any firm t under VRS requires the solution of the following LP
problem

min g
N
Subject to a’iVi? Yu (r=1,2........ g)
j=1
N
a /X% ¢gx; (i=1,2......... h)
j=1
g free, /;20, (=1,2......... N) (1)
N
a’;=1

j=1
taking into consideration the VRS frontier.
The IOTE of firm t under VRS is
TEY =TER(X,y)=q 1 T @

CRS
T

Where ¢" =ming: (gx', y")I
Thus knowing ¢ by solving equation (1) IOTE of firm t can be determined by using equation (2).

For finding out the determinants of IOTE, a panel regression analysis has been done using a seemingly
unrelated regression (SUR) framework where each regression was adjusted for contemporaneous
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correlation (across units) and cross section heteroscedasticity and test for better model-fixed/random with
Hausman test is done. The variables used as possible determinants of IOTE are export intensity (E),
import intensity (1), Market size (MS), R&D expenditure (RD), marketing expenditure (M) and Capital-
Labour ratio (K/L).

For finding out whether vertically merged firms are doing well in terms of IOTE compared to the firms
not merged vertically, two dummy variables have been defined, one for firms engaged in formulation (Dg)
and another for firms producing both formulation & bulk drugs (Dgg) taking firms engaged in bulk drugs
production as the reference category. So Dg=1, for firms engaged in formulation and O otherwise;
similarly Dgg=1 for firms producing both formulation & bulk drugs and 0 otherwise.

Also time dummy variables Ty, T, .....,T1; are defined for each year in the sample period i.e from 2001 to
2011 respectively taking 2000 as the benchmark year to capture the effect of time on IOTE.

It is expected that firms which are incurring more RD can increase their TE by expanding their
information set. Again by spending on M a firm can increase its market share. Hence sales increases and
the firm may try to increase its production with more efficient technologies. Also K/L and TE may found
to be positively linked which may imply that the industry perhaps is conducive for capital-intensive
production process. MS has positive role on the TE which implies that an increase in market size will
improve TE of IPI may be due to easier access of quality inputs and getting advantage of scale
economies. It may be quite evident that units which are enjoying more export per unit of output are more
efficient than others as they are learning suitable measures to improve their efficiency level. Also | may
positively affect TE as one of the purposes of doing import in IPI is to carry out the re-export process.

The present study uses CMIE Prowess data base and those firms are selected for which all the data of
inputs and outputs and the determinants are positive. On the basis of this fact, 90 firms have been
selected.

RESULTS OF ANALYSIS

The results of estimation suggest that firms of IPI are not 100% efficient. For 28 % firms this efficiency is
greater than 0.6 and for 14% firms, efficiency is greater than 0.8. Only 3% firm has IOTE greater than
0.9. IOTE of IPI gradually increased from 2001 to 2010 compared to the base year 2000 except year 2002
as is evident from the values of T, Ty,.,T11.

The estimated radial movements and slack movements are presented in Tablel. Along with the radial
movement many firms have also experienced slack movements for various inputs. As the extent of total
inefficiency in input utilization can be estimated by taking into account the total movement i.e. the
combined effect of both radial and slack movement, for capital, raw material and power & fuel the total
radial and slack movement of input gradually decreased from 2000 to 2011 implying that their IOTE have
increased. But for labour the same has gradually increased implying that the IOTE of labour has
decreased.
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Fixed effect model turned out to be the better one. The estimated panel regression can be visualized from
Table 2. R&D expenditure, Marketing expenditure, Capital-Labour ratio and market size have positive
and significant influence on IOTE.

Table 1: Results of slack movement of different inputs

CAPITAL RAW MATERIAL

YEAR RADIAL SLACK TOTAL RADIAL SLACK TOTAL

2000 -654.301 -38.6944 -692.995 -585.176 -24.0512 -609.227
2001 -457.733 -59.5858 -517.319 -467.43 -9.15531 -476.585
2002 -553.461 -65.8724 -619.334 -520.944 -10.4557 -531.4

2003 -454.,846 -89.0415 -543.888 -459.381 -9.45353 -468.834
2004 -512.391 -2.33304 -514.724 -475.487 -35.1028 -510.59

2005 -466.544 -180.627 -647.17 -417.043 -26.5878 -443.63

2006 -602.58 -151.976 -754.556 -518.983 -11.2464 -530.23

2007 -940.702 -119.774 -1060.48 -747.561 -67.9493 -815.51

2008 -980.818 -192.769 -1173.59 -844.044 -82.7699 -926.814
2009 -1113.76 -150.065 -1263.82 -911.603 -62.129 -973.732
2010 -1204.02 -139.907 -1343.93 -991.438 -121.268 -1112.71
2011 -1965.61 -155.05 -2120.66 -1892.04 -7.01017 -1899.05

POWER & FUEL LABOUR
YEAR RADIAL SLACK TOTAL RADIAL SLACK TOTAL
2000 -55.3518 -2.6556 -58.0074 -124.446 -4.26654 -128.713
2001 -50.1424 -7.41221 -57.5546 -125.816 -7.96406 -133.78
2002 -54.7873 -2.94912 -57.7364 -152.767 -7.23856 -160.005
2003 -44.8417 -2.32859 -47.1703 -135.777 -34.8986 -170.676
2004 -43.7171 -7.0952 -50.8123 -147.425 -68.0689 -215.494
2005 -40.1389 -3.06424 -43.2032 -142.651 -47.38 -190.031
2006 -48.7786 -2.98176 -51.7603 -170.89 -15.3463 -186.236
2007 -69.3421 -8.14483 -77.4869 -239.493 -27.1956 -266.689
2008 -76.7835 -7.97964 -84.7631 -260.07 -62.7713 -322.842
2009 -85.1601 -5.56656 -90.7267 -297.758 -56.9667 -354.725
2010 -88.3059 -3.97413 -92.28 -341.836 -49.0298 -390.866
2011 -205.762 -29.4326 -235.195 -588.447 -90.7369 -679.184
The positive linkage between Capital-Labour ratio and TE may imply that this industry perhaps is

conducive for capital-intensive production process. This result is quite natural as most of the
Pharmaceutical firms are capital intensive and the efficiency of those firms depends on the skill handling
of the machines and on the efficient managerial staff.

Market size has positive role on TE which implies that an increase in market size will improve TE of IPI
may be due to easier access of quality inputs and getting advantage of scale economies. However, a
negative coefficient with the square of the size of market implies that diseconomies of scale in production
emerge beyond certain threshold limit and therefore the efficiency of the firm falls. This implies that
small-sized firms can gain efficiency by merging. This result is in tune with Mazumdar, Rajeev & Ray

(2009).

Table 2: Reesults of panel regression

VARIABLE COEFFICIENT t-STATISTIC VARIABLE COEFFICIENT t-STATISTIC
C 0.19203300 15.659698* | D¢ 0.03000000 1.456567
E 0.00153000 10.09735* | Des -0.04230000 -6.05841*
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| -0.00224000 -3.81785* | RDE 0.00004940 9.181487*
RD 0.00097300 2.774426* | (RD)YE)? -0.00000021 -9.74963*
M 0.02543300 4.472547* | RDM -0.00002398 -2.17374*
K/L 0.01200000 12.62452* | El 0.00003020 6.547011*
MS 10.10000000 7.484196* | RDMS -1.65223000 -2.29093*
(E)° -0.00007100 -10.285* | RD(MS)? 80.01318000 1.544057
(MS)? -38.70000000 -3.37388* | (RD)*MS -0.00002902 -0.22126
T 0.02851500 3.864386* | RDI 0.00317000 0.48272
Ts -0.10483100 -10.9133* | F-statistic 47.92608*

Ts 0.15873300 16.58467* | Prob(F-statistic) 0

T4 0.10549400 10.33934*

Ts 0.15480700 14.36434*

Ts 0.13683900 14.02989*

Ts 0.08707200 9.796038*

Ts 0.15373400 14.66078*

To 0.14106200 15.43536*

T1o 0.14200000 15.4844*

Tu 0.01110000 1.623724

*Significant at 1%; ** significant at 5%.

The relation between export intensity and TE is obtained to be positive suggesting that those units which
are enjoying more export per unit of output are more efficient than others. However, a negative
coefficient with the square of the export intensity implies that too much export beyond certain threshold
limit may distort domestic production and thus may reduce the efficiency of the firms.

Table 3: Net marginal effect of the determinants of iented technical efficiency

DETERMINANT VALUE
EXPORT INTENSITY (E) 0.00021900
IMPORT INTENSITY (1) 0.02090000
R & D EXPENDITURE (RD) 0.00860000
MARKETING EXPENDITURE (M) 0.02530000
CAPITAL-LABOUR RATIO (K/L) 0.01200000
MARKET SIZE (MS) 1.040000000

Although the sole effect of import intensity on IOTE of IPI is negative and statistically significant but the
joint effect of export and import has a strong positive and statistically significant influence on IOTE of
IPI. Thus, the net marginal effect of import is in turn positive as depicted by the partial elasticity value
(0.02).

Also this study pointed out that vertically integrated firm involved in both bulk drugs production and
formulation activities are less efficient in terms of IOTE compared to firms that produces only bulk drugs
as is seen from the Dgg value. Through vertical integration a firm is supposed to reduce the usage of
inputs by large amount compared to those firms whose are not vertically integrated. But the result
obtained may be due to the fact that in post TRIPS period vertically integrated firms may not initiate the
manufacturing of new drugs as they did earlier and hence IOTE falls for those firms compared to firms
producing only bulk drug. Our result is in tune with Chaudhuri (2011).

CONCLUSIONS

IOTE have increased for the inputs like capital, raw material and power & fuel but for labour the same
has gradually decreased. A firm may increase its IOTE by incurring more R&D expenditure and
Marketing expenditure. Usage of capital-intensive production process can increase IOTE. Nevertheless
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small firms are more efficient than the large firms. The relation between export intensity and I0TE is
obtained to be positive. Vertically integrated firms involved in both bulk drugs production and
formulation activities are found to be less efficient in terms of IOTE compared to firms that produces only
bulk drugs.
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ABSTRACT

Using DataEnvelopmenfAnalysis, technicagfficiency scores(TE) of primary and upg®imary education in

India is estimated for (i) Gener&ategoryStates(GCS),(ii)SpecialiCategoryStates(SCS) and the union
territories(UT) over 20086 t0200809, by constructing two grotfpontiers; as these two groups of states do not
operate under same economic and fiscal environment and hesgat flarm homogeneotgroup as a whle. Since

there are geographical disadvantages for infrastructidalelopment for SCS; 90% of the centiabistance of

SCS is treated as grant while remaining 10% is loan, whereas GCS get only 30% grant and 70% loan. UT also
receives more grants as coarpd to GCS Technologyclosenessatio (TCR) is computed, showing the proximity

of the groupfrontiers to the Metdrontier (the frontiers comprising of all states) and measuring whether maximum
educational-output producible from an inpubundle by a shool in a group is as high as what could be produced

if the school belongs to elsewhere in Indl&R corresponding GCS is high as compared to SCS&UT for both
primary and upper primarevel implying maximum educatiorautput producible from an inputuindle by a

school under GCS is higher than that could be produced if the school belongs to SCS&UT, implying less benefit
from the use of average inpoitindle in a school under SCS&UT.

Keywords TechnicalEfficiency;Group- Frontier and Meta Frontier; ElementaryEducation in India

INTRODUCTION

Performance of elementary level of education in India as represented by literacy-rate during the Five Year
Plans is quite satisfactory. A related question is whether education sector is functioning efficiently? Is the
sector is maximizing output given the quantity of inputs usage? Measurement of technical efficiency-
score (TE) of different states will help us to identify the States that are lagging behind the Indian average
TE and to formulate policies for enhancing educational efficiency of less efficient States. Applications of
DEA to measure the efficiency of educational production have extensively been reported in literature
starting from Charnes et al,1978, which introduced the DEA methodology in a school setting. Some
available Indian studies are Sankar (2007), Sengupta and Pal (2010). TE needs comparison of maximum
possible output given the technology and resources with the actual output, which necessitates
construction of frontier for education output. Earlier Indian studies constructed the frontier taking into
account all the states and union territories of India together. However, construction of a single frontier
may not be meaningful, as all of them do not operate under same fiscal and economic environment and
hence did not form homogeneous group. In India one can categorize two groups of states: (i) Speciat
categorystates(SCS)and Union territories (UT) and (ii) generalcategorystates(GCS). Since there are
geographical disadvaages for infrastructuraevelopment for SCS; 90% of the centasistance of
SCS is treated as grant while remaining 10% is loan, whereas GCS get only 30% grant and 70% loan.
UT also receives more grants as compared to G@Svill be more meaningful to construct two Group-
frontiers for these two groups. An interesting issue would be to estimate Technology Closeness Ratio
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(TCR), representing the proximity of the group frontiers to the Meta-frontier (representing the frontiers
comprising of all the states and the union territories) and measuring whether maximum educational--
output producible from an input bundle by a school within a particular group of state is as high as what
could be produced if the school belongs to elsewhere in India. The answer to this question is important
because it will help us to check whether one can get more benefit in terms of educational output by giving
more fiscal resources to SCS. The present study contributes to the literature in the following directions

First, in the Indian context it estimates Technology Closeness RatigTCR) for 2005-06 to 2007-08.
Such kind of analysis is still lacking in the context of efficiency analysis of education.

Second TE for primary and upper-primary level separately for the aforesaid two groups of Indian states
for 2005-06 to 2008-09 using variable-returns-to-scaleis computed. The estimates for TE of upper
primary level of education for different Indian states are not available yet.

METHODS

To estimate output oriented measwuf TE

Banker, Charnes and Cooper (BCC) (1984) model, having variable returns to scale is adopted in the
paper. Using a sample of actually observed input-output data and a number of fairly general assumptions
about the nature of the production technology, namely, (i) All actually observed input-output
combinations are feasible, (ii) The production possibility set is convex, (iii) Inputs are freely disposable,
(iv) Outputs are freely disposable, BCC derives a benchmark output quantity without any assumption
regarding the production frontier, with which the actual output of a Decision Making Unit (DMU) can be
compared for efficiency measurement.

Let there are N DMUs. Each of them is producing ‘g’ outputs using ‘h’ inputs. The input bundle used

by the DMU tis  x' = (xlt’x2t Xm) and the output bundle produced is

The specific production possibility set under VRS is given by

é N - N N : a
TS :‘|,(x, y):x2 &/, x;y¢ A/, yhal =1/, 2 0] :1,2....N)[;'| (1)
| j=1 = = y
The output oriented measure of TEof any DMU t under VRS requires solution of the following LP:
max
N —_
Subject to a’y,? M. (r _1’2""'9) ;
j=1
N - N .
» Ai=12,...h). = _ . =12.... N
a/].>gj¢>gt,( ),a/j_lljzo,, (i ) ¥
j=1 j=1
Solving f”, the maximum value of £ output oriented TE of the DMU can be determined from

equation (3).
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t ct t t 1
TE' =TES (X',Y") =f—*.....(3)

y* is the maximum output bundle producible from input bundle x* and is defined as y*=f*yt

f is a scalar satisfying 7 < 1, which is the efficiency score that measures TE of the i-th unit in terms of
the distance to the efficiency frontier. With 7 <1, the output of the DMU is inside the frontier and
inefficient. But, 7 ;=1 implies that the output of the DMU is on the frontier and efficient. The vector A is a

(Nx1) vector of constants, which measures the weights used to calculate the location of an inefficient
DMU, if it is to be converted as efficient. The inefficient DMU is projected on the production possibility
frontier as a linear combination of its peers utilizing those weights. The ‘peers’ are other DMUs that are
more efficient and therefore used for the comparison and is an n-dimensional vector of ones. The problem
has to be solved for each of the N DMUs in order to obtain N efficiency scores.

Estimation of Group Frontier and Meta Frontier

To measure the TE of a DMU, it is necessary to recognize that all of the observed DMUs may not have
access to the same frontier. Rather, different DMUSs or categories of DMUs may face different production
technologies. A variety of geographical, institutional, or other factors may give rise to such a situation.
Constructing a single production frontier based on all the data points would, in such cases, result in an
inappropriate benchmark technology. A way to measure the impact of technological heterogeneity across
groups is to construct a separate group frontierfor each individual group alongside a single grand or
metafrontier that applies to DMU from all the groups.

Suppose N DMUs are observed and these DMUs are classified, according to some criterion, into H

number of distinct and exhaustive groups, g" group containing Ny number of DMU§\| a N,

-I-OOOz

¢ 9=
Define the index set of observations J= {1, 2, ........... N}and partition it into non-overlapping subsets
Jg={]j:DMU j belongs to group g; (g=1,2, ........... H)}. In this case, the production possibility set

for group g will be

f
f(x y):x2 a/y xlye a/gjy aly=L/,2 0};%(921,2, ......... ,H)

il 3, il 3, ji 34

The set T? is the free disposal convex hull of the observed input-output bundles of DMUs from group g.
Suppose, that the observed input-output bundle of firm k in group g is (xg, yg).A measure of the within-

group (output-oriented) technical efficiency of the DMU k, is
1
TE! =
== ;
Where/ solves the following linear programming (LP) problem:
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(Fr)  Js=max/

st. a- /gjygjl 2j yg; a /ngé ¢ Xg; a /gi =1
i ig i ig i iq

/4200 =12 ,Ng);/ unrestricted

The above LP problem is solved for each DMU k in the g™ group.

Next consider the technical efficiency of the same DMU k from group g relative to a grandtechnological
frontier, or what is called the Meta frontier. The Meta frontier is the outer envelope of all of the group
frontiers. It consists of the boundary points of the free disposal convex hull of the input-output vector of
all firms in the sample. The (grand) technical efficiencyf the DMU k from group g is measured as
1

TEé =

Jé
Where

J&=max j
oL R S C

sta algYs?/ Yoa algYstxga aly=L
g=1 ji Jg ga ji g, g=1 ji g,

/42 0(] =12, Ng;g=12......... H); 7 Unrestricted

Since the grand production possibility set contains every group production possibility set, it is obvious
that /"Qj ¢j('§ and, hence,TEg 2 TEé, for every k and g. Thus, DMUs cannot be more technically

efficient when assessed against the metafrontier than when evaluated against a group frontier.

Estimation of Technology Closeness Ratio

When, for any DMU Kk in group g, the group efficiency and the grand efficiency measures are close, it
may be argued that evaluated at the input bundle x';, the relevant group frontier is close to the meta-

frontier. Instead of evaluating the proximity of the group frontier to the meta-frontier at individual points,
it is useful to get an overall measure of proximity for the group as a whole. For this, we first define an
average technical efficiency of the DMUs in the group (i.e., relative to the group frontier) by the taking a
geometric average of such individual technical efficiencies. For the group g this will be given by

/NG

TE,(9) =Z£f1TE§§

Similarly, the average technical efficiency of group g, measured from the meta-frontier, will be
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INg

SN, !
TE.(9) = %ITEeé

For group g, an overall measure of proximity of the group frontier to the meta-,frontier is its technology
closeness ratio

TCRg) =%§‘$

TCR increases if the group frontier shifts towards the meta-frontier, ceteris paribus, and is bounded above
by unity which would be realized if and only if group frontier coincides with the meta-frontier. The
concept of TCR also used by Bhandari and Ray(2012).

RESULTS

For estimation the secondary Indian data are collected from “DISE Statistics (Elementary Education;
State Report Cards)”, published by The National University of Educational Planning and
Administration, New Delhi, India, for the four successive years: 2005-06 to 2008-09. The sample
includes (i)17 GCS States: Andhra Pradesh (AP), Bihar (BI), Chhattisgarh(CHHA), Goa(GO),
Gujrat(GU), Jharkhand (JHAR),Karnataka( KA) , Kerala(KE), Maharastra(MH) ,Orissa(OR),
Tamilnadu(TN), WestBengal(WB) Hariyana(HA), Madhyapradesh(MP), Punjab(PU),Rajasthan(
RA),Uttarpradesh(UP) and (ii)18 SCS States & UT :  Arunachal Pradesh(ARUNP), Assam(AS),
Chandigarh(CHANDI), Delhi(DEL), Himachal Pradesh(HP),Jammu  and Kashmir(JK),
Lakshadeep(LAKHA),Manipur(MANI), Meghalaya(MEGHA), Mizoram(MIZO), Nagaland(NAGA),
Sikim(SI), Tripura(TR), Andaman & Nicobar Islands(AN), Daman & Diu (DD), Dadra & Nagar
Haveli(DN), Puducherry(PUDU), Uttarakhand(UTTA) respectively. The interstate variation of TE both
for GCS and SCS&UT at primary and upper primary level is evident. All the states are not fully
technically efficient. The perfectly efficient states are(i) AP, Bl, CHHA, GO, GU, JHAR, KA, KE,
MH,OR, TN,WB for GCS primary level, (ii) AP, CHHA, KA, MH, OR, RA, TN for GCS Upper primary
level, (iii) ARUNP, AS, CHANDI, DEL, HP, JK, LAKH,MANI, MEGHA, MIZO,NAGA, SI, TR for
primary level of SCS&UTand (iii) ARUNP, AS, CHANDI, DN, HP, JK, LAKHA, MANI, MEGHA,
MIZO, Sl and TR for upper primary level of SCS&UT.

The results on group efficiency and grand efficiency implies that first of all TCR corresponding to the
four categories like GCS Primary, upper primary, SCS &UT Primary, SCS&UT upper primary are 0.98,
0.97, 0.95 and 0.94 respectively, showing that TCR corresponding GCS is high as compared to SCS&UT
with respect to both primary and upper primary level, yielding less benefit from the employment of
average bundle of input in a school located in a SCS&UT as compared to a school belonging to GCS.
Secondly, the group efficiencyfor GCSis low as compared to SC&UT both for primary and upper
primary level Although both GCS primary and upper primary level are more close to meta as revealed
by higher TCR value but they possesses lower value of group efficiency, showing higher degree of
variability among themThirdly, SCS&UT Upper Primary has a high value of average group efficiency
(0.98), but a relatively low value for average Grand efficiency (0.92) as compared to SCS&UT primary
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indicating that in the group of SCS&UT Upper Primary almost all schools behave homogeneously and
relatively poorly as compared to the schools belonging to SCS primary. The schools under SCS&UT
were doing reasonably well relative to group benchmark but it may be that infrastructural constraints
hindered efficient production.

CONCLUSION

The results all the states are not fully technically efficient. Both GCS Primary and upper primary
possesses higher degree of variability as compared to their SCS counterpart. TCR corresponding GCS is
high as compared to SCS&UT for both primary and upper primary level implying less benefit from the
employment of average bundle of input in a school located in  SCS&UT as compared to a school
belonging to GCS.
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ABSTRACT

Objective of the study is to look at the efficiency of Malaiysigrms of its effectiveness in achieving the national
policies on higher education as stipulated by a blueprint called Pelan Strategik Pengajian Tinggi Negara (PSPTN
or National HigherEducation Strategic Plan, NHE$PAccordingly, 9 variables have besalected in such a way

that they capture important issues addressed by the 5 pillars of PSPTN namely Research & Innovation;
Enculturation of Lifelong Learning; Improving the Quality of Teaching & Learning; Intensifying
Internationalization; and Wideningo&ess and Increasing Equity. 43 countries have been analysed and short listed
based on availability of data on the chosen variables. Malaysia is identified as 92.6% efficient using variable return
to scale DEA model. It is above the average performan®.88%. Among the 24 countries that are identified as
fully efficient, only Indonesia, Bulgaria and Slovenia are identified as efficient peers for Makttsisignificant
weights Discussion focuses on the practiceefficient countries

Keywords Data Envelopment Analysis; Malaysi€ountriesperformancePSPTN NHESP

INTRODUCTION

PSPTN stands for Pelan Strategik Pengajian Tinggi Negafar National Higher Education Strategic
Plan, NHESP). It is a nationwide plan that focuses on the implementations and achievements of projects
associated with public higher education institutions (HEIs) including public universities, polytechnics and
community colleges. PSPTN is founded upon the second thrust of ninth Malaysia plan which stipulates to
realize Vision 2020, Malaysia need to amplify its capabilities, knowledge and innovation in addition to
creating society with first class mentality. There are four implementation stages of PSPTN in the pursuit
of amplifying the quality of human capital through enhancement of national higher education. Phase 1
(2007 - 2010) set the foundation for a smooth implementation of other phases of the PSPTN. Phase 2
(2011 - 2015) maps the direction of the national higher education through the guidelines for the
strengthening and enhancement of the implementation of PSPTN. The remaining phases yet to be
implemented are Phase 32016 - 2020) that strives for excellence as well as Phase 4(beyond 2020) that
emphasizes glory and sustainability. Further, underlying PSPTN are seven thrusts (Figure 1) that are
operationalized into 23 Critical Agenda Project$§CAPs). The implementation of PSPTN is being closely
monitored by a dedicated group of management at both the Ministry of Education Malaysia (MOE) and
all public HEIs.

In particular, the objectives of PSPTN are : 1) to move the economy up to the value chain; 2) to increase
nation ability in knowledge and innovation with first class mentality; 3) to address socio-economic
imbalance to be more productive and constructive; 4) to increase the level and sustainability of quality
life; and 5) to strengthen the institution’s capabilities. Those are deemed necessary national targets in
order to 1) meet the challenges of economic development based on knowledge and innovation; 2)
transform higher education in the context of Malaysia as a hub of excellence for higher education; and 3)

268



ensure balanced development of human capital to meet industry needs and future challenges.
Accordingly, the expected impact on the society could be represented in five broad categories of a)
culture; b) world class mentality; c) capacity for knowledge and innovation; d) quality of life and also e)
moving the economy up the value chain.

Thrust 3

ENHANCING RESEARCH
AND INNOVATION

Thrust 5

INTENSIFYING
INTERNATIONALIZATION

Figure 1: Pelan Straegik Pengajian Tinggi Negara (PSPTN) or the National Higher Education Strategic Plan
(NHESP) consists of seven thrustdHowever, this study focuses on five thrusts only, excluding thrust 4 and 7

The second phase of PSPTN has been initiated in 2011. Hence, the MOE is now interested to gauge the
effectiveness of PSPTN and identify necessary improvement to the subsequent phases of PSPTN. This
study is conducted with the aim to see the impact of PSPTN on its key stakeholders as measured based on
the predetermined thrusts underlying PSPTN. However, only the five thrusts associated with institutional
performance (excluding thrust 4 and 7) are being examined and reported in this study (Figure 1). We
introduced DEA to the MOE as an alternative tool for performance measurement; a technique to measure
the effectiveness of PSPTN in particular.

METHODS

Data Envelopment Analysis (DEA) has been proven in the literature to effectively depict educational
production function in such a way that it could meritoriously (a) capture the prevailing relationship
between educational variables; (b) make account for performance deficiency innate of educational process
and (c) incorporate national policy issues into performance appraisal (Ahn, et al., 1988; Thanassoulis,
1993; Worthington, 2001). DEA analysis is carried out at country level. For the reason to maximise
outputs generated by capitalising on resources that have been invested in HEIs, DEA output maximisation
is the most appropriate model orientation. Assessment via technical perspective (LP Primal formulation)
is conducted to quantify performance in terms of a country’s ability to produce maximum producible
outputs using available resources and to devise feasible improvement targets without resorting to
additional resources. On the other hand, assessment via value judgment perspective (LP Dual
formulation) is also conducted to examine implementation strategies undertaken by countries identified as
efficient, particularly those of efficient peers for Malaysia. In terms of the technology, variable returns-to-
scale is assumed to prevail.
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The scope, which is also the limitation, of the reported study is defined by its assessment variables.
Variables are selected via a deliberate discussion with a group of researchers. They have been appointed
by the National Higher Education Research Institute (NHERI) to investigate the effectiveness of PSPTN
for the MOE. The source of data is limited to statistics available from World Bank database because it is
the most comprehensive database compared to other accessible databases such as OECD and U21.
Moreover, it has information on the chosen variables for the greatest number of countries. It is not
possible to use different databases for the same variable to ensure consistency of variable definition and
thus homogeneity of the countries. Input variables have been chosen in such a way that they capture
important resources to support implementation of the five thrusts of PSPTN; Government expenditure on
tertiary education as a percentage of GDBETE), Expenditureon tertiary institutions for R&D as a
percentage of GDRTIERD) and Qualitative index of policy and regulatory environm@fE). Output
variables have been chosen to capture important outcomes of the five thrusts of PSPTN; Total articles
produced per head of populatiql\PH), Average impact of articlefAAIl), Tertiary enrolment rates
(TER), Percentage of population over 24 with a tertiary qualifica (24TQ), Number of researchers in
the nation per head of populatidRPH), Proportion of international student®1S) and Proportion of
articles with international collaboratorAIC).

RESULTS AND DISCUSSIONS
Overview Performance of Malaysia

Out of 43 countries that are being evaluated, 24 countries have been identified as fully efficient. Their
average efficiency score is 90.23%. Focusing on countries that have been identified with greater than 10%
weight as significant benchmark countries, three strongest benchmarks are Bulgaria, Indonesia and United
States; each has been cited 8 times, 8 times and 7 times respectively. Malaysia has been identified as
92.6% efficient which is above the average performance. Therefore, at the current consumption levels of
inputs, Malaysia is producing only 92.60% of its maximum capability or feasible productivity. That is,
using the currently available inputs, Malaysia could boost its productivity by 7.4% without the need for
extra allocation on the inputs. Efficient peers for Malaysia are Indonesia (38.27%), Bulgaria (37.39%),
Slovenia (16.12%), Ukraine (4.44%) and Thailand (3.77%).

Performance of Malaysia and Benchmark Countries (Table 1)

All benchmark countries are found to give the greatest emphasis on implementing policy and regulatory
framework in favour of higher education (as indicated by Qualitative index of policy and regulatory
environment IPE) as a fundamental to be efficient. This is followed by emphasis on Expenditure in
tertiary institutions for R&D as a peentage of GDP(TIERD). A closer look into the strategies
employed by greater weighted benchmark for Malaysia, namely Bulgaria and Indonesia, indicated that

they have also focused on Government expenditure on tertiary education as a percentage of GDP
(GETE). With regards to educational outcomes, different aspects of teaching and research have become

the focus. Whereas Bulgaria and Indonesia have focused more on Research and Internationalisation
agendas, which is Proportion of articles with international clalborators (AIC), Slovenia has focused

more on teaching agendas, which is Tertiary enrolment rate¢TER). Others have considered Average
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impact of articleAAl, i.e. Thailand) and Percentage of population over 24 with a tertiary qualification
(24TQ, i.e. Ukraine). Therefore, Malaysia should give greater attention to creating conducive
environment to enhance learning and research activities as measured by IPE instead of intensely focusing

on promoting research as currently observed. The latter is measured by Expenditure in tertiary institutions
for R&D as a percentage of GDFIERD). It can be presumed that regardless of the amount and form of
funding allocated to HEIs, when the environment is “right”, then it will profoundly improve the various
outcomes of teaching and research activities.

Table 1: Efficiency scores of the proposed benchmark countries for Malaysia and their observed strategy in
terms of priority given on the assessment variables by those countries in achieving the reported level of
efficiency.

Priority of Focus

COUNTRY Efficiency PEERS INPUT WEIGHTS OUTPUT WEIGHTS
Score (%) Weight GETE TIERD IPE AIC APH  AAI TER 24TQ RPH
5 Bulgaria 100.00 37.39% 1.93 0.86 2.22 1.15 0.00 0.00 0.00 0.00 0.89
18 Indonesia 100.00 38.27% 2.10 0.00 2.07 1.09 0.00 0.00 0.00 0.00 0.00
24 Malaysia 92.60 0.00 9.03 0.59 0.00 3.33 0.89 0.00 0.42 0.00
36 Slovenia 100.00 16.12% 0.00 1.55 3.32 0.00 0.00 0.00 2.32 0.00 0.00
41 Thailand 100.00 3.77% 0.00 3.90 3.18 0.00 0.00 3.04 0.00 0.00 0.00
43 Ukraine 100.00 4.44% 0.00 1.62 3.76 0.00 0.00 0.00 0.00 1.46 0.00

Performance of Malaysia and Developed Countries (Table 2)

In comparison to developed countries, nearly all efficient and not fully efficient countries give certain
degree of priority on agendas related to Government expenditure on tertiary education as a percentage of
GDP (GETE) and Qualitative index of policyand regulatory environmeriPE) in order to enhance
teaching and research. Notably, the more popular research outcomes have been Average impact of articles
(AAI) and Number of researchers in the nation per head of populaRiH). Therefore, it can be
concluded that their focus has been on creating supportive environment for both teaching and research
activities as a means to nurture dynamic research culture.

Performance of Malaysia and Asian Countries (Table 3)

The Asian governments are found to be strong on at least 2 out of 3 inputs namely the Qualitative index

of policy and regulatory environmer{lPE), Government expenditure on tertiary education as a
percentage of GDRGETE) and Expenditure in tertiary institutions for R&D as a percentage of GDP
(TIERD). Nevertheless, the common strength among the Asian countries on output generally varies but
Average impact of articleGAAl) is the most significant. Further, Malaysia should consider focusing on
Government expenditure on tertiary education as a péagenof GDP(GETE) instead of Total articles
produced per head of populatigdPH). This is because the former has been focused on by all Asian
countries, except for Thailand (least weighted benchmark) while the latter has not been focus on by all
Asian countries. In other words, the effective strategy in Asia seemed to be for the government not only to
provide enough research funding but also supportive teaching and research environment. In contrast,
Malaysia has focused more on providing research facilities, as measured by Expenditure in tertiary
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institutions for R&D as a percentage of GIDPIERD), in order to boost research activities, as measured
by Total articles produced per head of populat{@PH).

Table 2: Efficiency scores of developed countries iy analysed and their observed strategy in terms of
priority given on the assessment variables by those countries in achieving the reported level of efficiency

Priority of Focus

COUNTRY Efficiency INPUT WEIGHTS OUTPUT WEIGHTS
Score (%) GETE TIERD IPE AIC APH AAI TER 24TQ RPH
Singapore N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
Taiwan N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
1 Australia 100.00 0.51 1.55 0.55 0.00 0.54 0.00 0.00 0.93 0.00
1 Belgium 100.00 0.39 1.30 2.49 0.00 0.00 1.17 0.00 0.00 0.00
1 Canada 100.00 0.58 0.78 0.33 0.00 0.00 0.00 0.00 3.14 0.00
1 Denmark 100.00 1.00 0.00 0.91 0.00 0.00 3.29 0.00 0.00 1.70
1 Finland 100.00 0.78 0.00 4.49 0.00 0.26 0.00 0.00 0.00 1.06
1 Hong Kong SAR 100.00 0.65 1.49 1.43 0.00 0.00 1.13 0.00 0.04 0.26
1 Japan 100.00 1.26 0.61 6.25 0.00 0.00 0.79 0.00 0.00 0.84
1 Korea 100.00 0.44 0.00 4.32 0.00 0.00 0.00 3.11 0.00 0.00
1 Slovenia 100.00 0.00 1.55 3.32 0.00 0.00 0.00 2.32 0.00 0.00
1 Sweden 100.00 0.08 0.00 3.89 0.00 HHHE 0.00 0.00 0.00 0.09
1 Switzerland 100.00 0.55 0.77 0.78 0.35 0.00 1.38 0.00 0.23 0.00
1 UK 100.00 1.99 0.00 1.19 0.79 0.00 3.53 0.00 0.66 2.18
1 US 100.00 0.17 1.43 1.14 0.00 0.00 1.09 0.00 0.00 0.20
14 Malaysia 92.60 0.00 9.03 0.59 0.00 3.33 0.89 0.00 0.42 0.00
15 China 86.00 0.99 2.39 1.78 0.00 0.00 1.56 0.00 0.73 0.00
16 Germany 76.35 0.86 0.94 0.33 0.31 0.00 0.48 0.11 0.00 0.57

Table 3: Efficiency scores of Asian countries being analysed and their observed strategy in terms of priority
given on theassessment variables by those countries in achieving the reported level of efficiency.

Priority of Focus

COUNTRY Efficiency INPUT WEIGHTS OUTPUT WEIGHTS

Score (%) GETE TIERD IPE AIC  APH  AAl TER 24TQ RPH

Singapore N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A

Taiwan N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
1 Hong Kong 100.00 0.65 1.49 1.43 0.00 0.00 1.13 0.00 0.04 0.26
1 Indonesia 100.00 2.10 0.00 2.07 1.09 0.00 0.00 0.00 0.00 0.00
1 Japan 100.00 1.26 0.61 6.25 0.00 0.00 0.79 0.00 0.00 0.84
1 Korea 100.00 0.44 0.00 4.32 0.00 0.00 0.00 3.11 0.00 0.00
1 Thailand 100.00 0.00 3.90 3.18 0.00 0.00 3.04 0.00 0.00 0.00
6 Malaysia 92.60 0.00 9.03 0.59 0.00 3.33 0.89 0.00 0.42 0.00
7 China 86.00 0.99 2.39 1.78 0.00 0.00 1.56 0.00 0.73 0.00
8 lIran 63.87 1.28 1.88 0.00 0.00 0.00 0.21 0.00 1.20 0.00
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CONCLUSIONS

Based on the observed practice of the mostly recommended (weight values) benchmark countries for
Malaysia and also developed countries, it can be concluded that Malaysia should focus on Qualitative
index of policy & regulatory environmertPE), Government expenditure on tertiary education as
percentage of GDIFGETE) and Proportion of articles with international collaboratofaIC). In striving

for research and innovation agendas, Malaysia should not underestimate the importance of focusing on
teaching related agendas as well. In fact, regardless of the emphasis, it is critical for Malaysia to create
supportive environment for both teaching and research activities as being measured by Qualitative index

of policy & regulatory environmenfiPE). Further, Government expenditure on tertiary education as
percentage of GDRGETE) is also critical policy for Malaysia to excel.
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ABSTRACT

In this work, a twestage general approadk proposedn order to meaure returns to scale at projections points in

the radial DEA models. At the first stage, a relative interior point, belonging to the optimal face, is found using a
special elaborated methoth previous workit was proved that any relative interior poiof a face has the same
returns to scale as any other interior point of this face. At the second stage, we propose to determine the returns to
scale at the relative interior point found at the first stage.

Keywords Data envelopment analysis; Returns to lsgaRadial models; Efficiency; Strong Complementary
Slackness Conditions

INTRODUCTION

Many scientific papers were devoted to the measurement of returns to scale in radial and non-radial DEA
models. The DEA models possess some specific features that give rise to estimation problems: a) multiple
reference sets may exist for a production unit under estimation, b) multiple supporting hyper-planes may
occur on optimal units on the frontier, ¢) multiple projections may occur in the space of input and output
variables. An interesting approach was proposed for measurement of returns to scale based on using
strong complementary slackness conditions (SCSC) in the radial and non-radial DEA models. However,
we showed in our previous papers (Krivonozhko et al.; 2012a, 2012b) that the SCSC radial and non-radial
DEA models are not efficient from computational point of view.

Moreover, Sueyoshi and Sekitani (2007) proposed to determine returns to scale at efficient points on the
frontier, which are optimal projections of some inefficient unit on the frontier. For this purpose they
proposed a method how to find the minimum face that contains all reference units that are efficient units
on the frontier. Consider the following example. In Figure 1 two-input/one-output BCC model is
depicted, units A=(1,1,1) and B =(3,1, 3), form unbounded face of the frontier. Unit C = (6, 2,1) is
inefficient one. Unit C'=(3,1,1) is a radial projection of unit C onto the frontier. We solved the SCSC
model according to recommendations of Sueyoshi and Sekitani (2007) in order to find their reference set.

It turns out that all units A, B, D and E belong to this reference set, since all / -variables associated
with these units are nonzero. However units E and D are inefficient and according to Sueyoshi and
Sekitani (2007); they cannot be used for measurement of returns to scale.
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Figure 1. Production possibility set for the tweinput/one-output BCC model

In this work, we propose a two-stage general approach in order to measure returns to scale at projections
points in the radial DEA models. At the first stage, a relative interior point, belonging to the optimal face,
is found using a special elaborated method. In (Krivonozhko et al., 2012b) it was proved that any relative
interior point of a face has the same returns to scale as any other interior point of this face. At the second
stage, we propose to determine the returns to scale at the relative interior point found at the first stage.

Our computational experiments documented that the proposed approach is reliable and efficient for
solving real-life DEA models.

METHODS
The BCC primal input-oriented model can be written in the form

ming

subject to

é Xj/i +S :q><0’

j=1

avy/. -s =Y,

j=L a (1a)

é/j=1, /;20,j=12 ,n,

j=1

s.20,k=12 m s20,i=12,r,
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where X, =(X;,2 ,X,) and Y; =(y,;,2 ,Y,) represent the observed inputs and outputs of
production units (X,,Y;), j=12 ,n, S =(s,2,s,) and S"=(s,2,s’) are vectors of slack
variables; (X,,Y,) is any unit from the set of production units (Xj ,Y].), j =12 ,n. In this input-
oriented model the efficiency score g~ of the production unit (X,,Y,) is determined.

Notice that we do not use an infinitesimal constant e explicitly in the DEA models, since we suppose
that each model is solved in two stages in order to separate efficient and weakly efficient units (Cooper et
al., 2006).

The BCC primal output-oriented model can be written in the following form
max ¢

subject to

a X/, +s =X,

j=1

AY/ - S =tY,,
Ja:l it (1b)

a’;=1/;,20,j=12 n,

j=1

s.20,k=12 ,m s20,i=12,r.
In this output-oriented model the efficiency score 1/¢ ~ of the production unit (X,,Y,) is determined.
The optimal projection points on the efficient frontier are determined according to the following formulas:
X=g'X,-S",

YEYL S (2a)
for model (1a) or
X=X,-S7,
S . (2b)

Y=tY+S",

for model (1b).

Recall that the reference set of an inefficient unit (X,,Y,) is defined as follows (Cooper et al., 2006)

B, ={il/;>0, j=12 .1}
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where /’; are optimal variables of the BCC primal optimization model as obtained from solving (1a) (or
(1b)). Remember that multiple solutions in a reference set may take place for a given unit (X,,Y,), see
(Sueyoshi and Sekitani, 2007).

Sueyoshi and Sekitani (2007) proposed to use strong complementary slackness conditions (SCSC) of the
linear programming as a computational procedure in order to find all vertices of every face in DEA
model. Their main model, DEA/SCSC, takes the following form:

e . . . a
i FK.-aliXp2oarly2Yeal; =l i
1 j=1 j=1 j=1 1
i /;200=12.n, i
Do ViX, =1 VX +uTY 4y, 00, =122 0, ]
1 v20,u20, i
max /1 g=u'yY, +u,, 7 @)
i T T . 7
0 [, +V X, -u'Y,-u,2 h, j=122 ,n, :
7 - ;
| v-alX raX,2h !
7 = 3
0 . 3
T u+a/ij-Y02h, hz0 o
| j=1 Y.

Their method is very interesting approach as a theoretical idea. However, it may not be efficient from
computational point of view, especially for the large-scale problems.

Our computational experiments with the real-life data sets showed that the following discrepancies may
take place in solving the BCC model (1) and the SCSC model (3): a) efficiencies scores of the model (1)
and model (3) may differ significantly; b) reference sets obtained from solution of the SCSC model (3)
may contain inefficient units; c) both variables from dual pairs obtained from solution of the SCSC
model (3) may be non-zeros what contradicts the complementarity condition; d) efficiency scores of the
SCSC model (3) may be greater than one, see paper of Krivonozhko et al. (2012).

In the optimization models (1), optimal points ()2,\?) or ()_(,\7) (2) are situated on the boundary

(frontier) of the production possibility set T , that is a polyhedral set, hence the boundary of T consists of
a number of faces.

The dimension of face may vary from 0 up to (m+r - 1), the maximal dimension. Faces of 0-dimension

are known as vertices and 1-dimension as edges.
According to the optimization theory the optimal point (g”X,,Y,) (or (X,,z7Y,)) of problem (1) is

situated on some face G of the polyhedral set T , hence it can be represented in the form
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avy/, -s" =y, )

where S and S* are vectors of slack variables obtained at the second stage of solution of problem (1),

J* is a set of units that determines face G.

Observe that face G1 may be unbounded, if slacks are non-zero, in this case it is called weakly efficient
face or in some papers an inefficient face. However, in the DEA approach (Banker et al., 2004) returns to
scale is usually measured at efficient points. For this reason consider projection of point (cfX0 ,Y,) onto
the frontier

ax;/, =gXx,-s’,

ji gt

ay,/, =Y, +s",

ji 3t

©®)

Next, since optimal vectors S and S* are obtained at the second stage of solution of problem (1),

where the sum of slack variables is maximized, the set of indices J* determines units belonging to some

bounded face G, of the set T .

Define the set L™ of projections of unit (X,,Y,) on the efficient frontier in model (1):

. £ X=g'X,-S",Y=Y,+S", where(g",/",S",S) {
L =1(X.Y)]. . . 0
i is an optimal solution of problem (1) Y

where /~ =(/],2 ,/}) is a vector of optimal / -variables. The similar set can be defined for output-

oriented model (1b).
Now, we show that there exists some minimum face G, among all faces determined by units from set

J*, that contains points (g"X, - S, Y, +S™).

Lemma 1. Let two different facesGand G of the set T intersect. Then faces G and G, do not have

common relative interior points, i.e. G &G =A |
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The proof of Lemma 1 is given in paper of Krivonozhko et al. (2014).

Lemma 2. Let two different faces G and G, of the set T intersect. Then only one of the following cases
oceurs:

(i) One face belongs to the other face entirely, to be precise let G E G, and set G &G, is a part of the
boundary of G ;

(ii) The set G AG is a part of the boundary of the face G and face G, moreover the set G A£G is

also a face and its dimension is less than the dimensions of the face G or the face G, .
The proof of Lemma 2 is given in paper of Krivonozhko et al. (2014).
Summarizing all statements given above, we can prove that there exists a unique minimum face G, that

contains the set L™. The notion minimum face G, means that any other face that contains set L™ also

contains G,,,.
Theorem 1.In model (1), there exists a unique minimum face G, that contains set L.

Corollary 1. Face G, is a bounded polyhedral set (polyhedron).

This assertion follows from the fact that we maximize the sum of slacks at the second stage of the
problem (1) solution.

Now, we proceed to the construction of the procedure that finds all production units belonging to the
minimum face G, and to the set L.

Let problem (1) be solved by the simplex-method (Dantzig and Thapa, 2003) and optimal primal
variables {/7,i=12 ,m;s. k=12 ms",i=12 ,r} and dual variables
{v,,k=12 ,mu’,i =12 ,r; u,} be obtained.

Determine the following index sets for primal variables
1" ={] |/j >0,]=12 ,n},

I. ={k|s, >0,k=12 ,m},
I, ={is" >0,i=12 ,r}.

(6)

Introduce the index sets associated with the dual variables
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‘J* :{J |V*TX] - u*TYj +u; :01 J :112 ’n}l
J, ={k|v, =1, k=12 ,m},
J,={ilu =1i=12 r}.

U]

Since the optimal solution is obtained with the help of the simplex-method, every non-basic variable is
equal to zero. However, some basic variables may be equal to zero also, then the optimal solution is
considered degenerate.

Al indices belonging to the set (J° C J, C J,) contain a basic set of indices for model (1). However,

the set (J° C J, C J,) may also contain non-basic indices; in this case the dual problem is considered

degenerate. Thus, the following relations hold
(I"CILCINT J1 37CI, CI)
where J; is a set of optimal basic variables of problem (1).

Variables /’Jf v [ 17 determine only one point on the minimum face. To find all points belonging to the

face G, it is necessary to solve additional problems.
Problem Q,, (11 J7):
max f, =/,

subject to

a X/ +aes =9 X,

i g ki J, (8)
éYj/j -aes =Y,
i il 3,

a’, =1/,20jiJ,

iia”

s, 20,ki J,,820,il J,,

where €, I E™and €' E" are identity vectors associated with variables s, and s, respectively.

Notice that problem (8) includes only those variables for which the corresponding dual constraints hold
with strict equality for optimal dual variables (7). According to the dual theorems of linear programming,
this means that optimal variables of problem (8) will also be optimal variables of problem (1).

The Procedure that finds all production units belonging to the minimum face G, and to the set L™ is

described as follows:
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1. Initialize the sets J =A,JH=J", J; =A . If the set JH is not empty, then go to the next
step. If the set JH is empty then go to step 3.

2. Choose anindex | I JH , if the set JH is empty, then go to step 3. Solve problem (8).

If f" >0, then determine J, =J, CI.If f" =1,then J, =J, C|. Delete index | from the
set JH = JH \| . Go to the beginning of the step.

If f” =0, then delete index | from the set JH = JH \| . Go to the beginning of step 2.

3. The set J, determines the set of units belonging to the face G,,,. The set J, determines the set
of units belonging to the set L~
The Procedure is completed.

The standard present-day optimization softwares generate only one point in the multidimensional space as
an optimal solution. However, this may be not sufficient in order to determine returns to scale on the
whole minimum face, since different vertices of the face may display different returns to scale. Any unit

from the set J° may belong to the minimum face. The standard software generates the set J~ as a by-

product. So, the Procedure enables one to check whether some unit from the set J* belongs to the
minimum face or not. The validity of this assertion is based on the theorems given below.

After running the Procedure, the minimum face G, containing the optimal set L", can be written in the

form:

9)

G,mn:f(x,v) X=ax,/,Y=ay/,,a’;=1/,20,ji J

3 i3, it 3

’~<v>_c:'t'_">

However, some points of the set G, may not belong to the set L™ on the frontier.

The Procedure enables one to find all units belonging to the face G,,,. The validity of this assertion is
based on the following theorems.

Theorem2. Let unit Z, I E™" be an interior point of the polyhedron GE E™", let also unit
Zpi E™" be any point of this polyhedron, which is distinct from point Z,. Then unit Z, can be

represented as a convex combination of (m+r+1) units of the set G and unit Z enters this

combination with a nonzero coefficient.

Theorem 3. The optimal value of problem (8) is strictly positive, fl* >0, if and only if unit (X,,Y)

belongs to the minimum face G, that contains the set L.

281



The proofs of Theorems 2 and 3 are given in the paper of Krivonozhko et al. (2012b).

In essence, Theorem 2 says that, if some unit Z | is a vertex of the face G, or belongs to the face, then
it is necessary that there exists such a solution that variable /*p enters this solution with a nonzero

coefficient.

Corollary 2. If the optimal value of problem (6) is fl* =1, then unit (X,,Y,) belongs to the set L™

If f" =1, then /; =1, this means that /| is the only non-negative / -variable in the optimal basis, hence

unit (X,,Y,) belongs to the set L.

It was proved in (Krivonozhko et al., 2012b) that interior points of a face have the same returns to scale,

so it is sufficient to determine returns to scale at any interior point of this face. An interior point ()_(,\7)
of the face G, can be chosen as a strong convex combination of units from the set J_, that is

VAR G s s _ .7 10
X=&aX/,Y=AaY/, &/,=11,>0, ji J,. (10)

il 3o il 3, il 3,

Returns to scale of unit ()_(,\7) can be measured at least by two methods. In the first (indirect)

method (Banker et al., 2004) the BCC model is solved at the first step, the dimension of this problem is
equal to (m+r +1)3 (m+r +n), then at the second step two additional problems are solved, the

dimension of these two problems coincides with the dimension of the BCC problem. Returns to scale is
determined with the help of dual variables.

In the second (direct) method (Fersund et al., 2007), an intersection of the set T and two-dimensional
plane is constructed with the help of some algorithms at the first step. At the second step returns to scale
of any point on the graph is measured by using derivatives of this graph.

Now we are ready to represent the Algorithm for determination of the RTS at projection points of unit
(X,,Y,) in model (2).

1. Solve model (1) for unit (X,,Y,).

2. Run the Procedure in order to find all production units belonging to the minimum face G, and

to the set L".

3. Find some interior point (X,Y) of the face G, according to (10).

4. Calculate the RTS and scale elasticity at point (X,Y).
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Calculation of the RTS and scale elasticity can be performed also for any interior point of the set G,;, or

L™ and for any production unit (X;,Y,), j =12 ,n.

COMPUTATIONAL EXPERIM ENTS

For computational experiments, we took data from 900 Russian banks’ financial accounts for January
2009. We used the following variables as inputs: working assets, time liabilities, and demand liabilities.
As output variables we took: equity capital, liquid assets, fixed assets.

We used the well-reputed optimization software CPLEX and the software Frontier Vision, a specially
elaborated program for DEA models that enables us to visualize the multidimensional frontiers and to
measure scale elasticities directly.

At first, we calculated the number of iterations the CPLEX software produced in order to solve problem
(1) for all units (X;,Y;), j =12 ,n. This number is equal to & =51330 iterations including the

second stage of the problem (1) solution. After this, we calculated the number of iterations accomplished
by CPLEX in order to solve problems (6) for all units (X;,Y;), j =1,2 ,n. This number is equal to

b =12885=0.251a .

Next, we evaluate the number of units, whose minimum faces under projections on the frontier have
vertices with different returns to scale. It turns out that there are 352 such inefficient units or 41.5% from
all inefficient units.

Our computational experiments documented that the proposed approach is reliable and efficient for real-
life DEA problems.
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ABSTRACT

This paper proposes a novel approach, the dynamégrated slackbased measurdd(SBM) modelling, which can
jointly measure the neradial slacks associated with inputputput and consumptiorvariables of norstorable
production process, such as transport service, which ex&ybit carry-over activities in multperiod contexts. The
core logc of the proposed DISBM modelling is to incorporate the dynahaikbased measuré®SBM)technical
efficiency and service effectiven@s® the data envelopment analysis (DEA) modellkhgase study of Taiwanese
intercity bus transport over 2062010is demonstrated. The results indicate that DISBM is superior to DSBM in
benchmarking power.

Keywords data envelopment analysi€DEA), dynamic integrated slaclkbased measureD{SBM) technical
efficiency; service effectivenegsjstransport.

INTRODUCTION

Data envelopment analysis (DEA) is developed to measure relative efficiencies of a set of homogeneous
and comparable decision making units (DMUs) within an industry or across different industries. One of
the difficulties confronted by the DEA modelling is a multi-period performance evaluation of non-
storable production wherein a portion of variables may exist “carry-over” effects (Wu et al., 2013). To
capture the overall performance of non-storable production like transport service, Fielding (1987) first
introduces a scheme in Figure 1, which can clearly define three distinctive performance measures:
technical efficiency, service effectiveness and technical effectiveness. Chiou, Lan and Yen (2010) first
develop an integrated DEA model, which can jointly evaluate these three distinctive performance
measures, but it is not readily applicable to evaluate the carry-over activities in multi-period contexts. To
elucidate the carry-over activities, Tone and Tsutsui (2010) first propose a dynamic slack-based measure
(DSBM) DEA model, which can measure period-specific efficiency based on a long-term optimization
throughout a study horizon. Indeed, the carry-over activities require employing a dynamic model to
measure the efficiency change with a longitudinal perspective, but the DSBM model simply does not
distinguish efficiency from effectiveness for non-storable production.

To tackle the aforementioned difficulty, this study proposes a novel DEA approach, the dynamic
integrated slack-based measure (DISBM) modelling, which not only accounts for three distinctive
performance measures of non-storable production but also considers carry-over effects in multi-period
contexts. Specifically, the proposed novel approach will measure the non-radial slacks to adequately
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represent the input excesses, output shortages and consumption gaps for non-storable production with
carry-over activities existing in the study horizon.
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Figure 1 Distinctive performance measurements for transportservice Source:Fielding, 1987

THE PROPOSEDM ODELS
The fundamentals

Tone and Tsutusi (2010) propose a dynamic slack-based measure (DSBM) model which directly

evaluates the input excesses and the output shortages of a DMU in multi-period contexts. The DSBM
model can be expressed by a fractional programming in /%, s;, s;, s, s and s with input-,
output- and non-oriented formulations. This study deals with j MDUs (j=1...J) over t periods
(t=1...T). At each period, DMUs have common m inputs (i =1...m), p non-discretionary (fixed)

inputs (i =1,...,p), s outputs (i =1....,s), r non-discretionary outputs (i =1...r), I consumption variables
(i=1...1),and N non-discretionary consumption variables (i =1,...n). Let X (i =1,...m), x{* (i=1....p),
Vi (=1....8), Vi (i =1...r), g, (=1..]) and q* (i=1...n) denote the observed (discretionary) input,

non-discretionary input, discretionary output, non-discretionary output, discretionary consumption
variable, non-discretionary consumption variable values of DMU | at period t, respectively. Follow

Tone and Tsutusi (2010), we further symbolize the four category links as z%°°, 2, z"™® and z™. The
continuity of link flows (i.e., carry-overs) between periods t and t+1 can be guaranteed by the
following condition:

J J
A7/ =8 2/ (iit=1..T-1). @)
’ -

j=1

where a stands for good, bad free and fixed This constraint is critical for the dynamic model, since it
connects activities in periods t and t+1. We can further express DMU, (0=1,...,J) as follows:

J
X =@ X/ +s (=1..mt=1..T), )
j=1
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J .
X =@ XY (i=L..pt=1..T), (3)
j=1

J
Y = A yijl/tj_SJtr (i=1..st=1..T), 4)
j=1
y,L'f-a Y/, (i=1..nt=1..T), (5)
2 .
Qo =@ G/ - St (=1..55t=1...T), (6)
j=1
q,{;f—a gy (i=1..mt=1..T), 7)
z,?,‘f"d—a 70" - s (i =1...ngoodt=1...T), (8)
z —a 22+ (i=1..nbadt=1..T), (9)
zfjfe—a Zi +5°° (i=1..nfreet=1...T), (10)
z;':— z\ (i =1..nfixt=1..T), (11)
a /It =1(t=1...T), (12)
=1
/t - ot ogood Jbad o 0 d free. f dn : t) 13
iS00S S S ana s, reeq” 1,t) . ( )

where /'1 R" (t=1...T)is the intensity vector for period t, and nbad nfreeand nfix are the number of

bad, free and fixed links, respectively. The last constraint, Eq. (12), corresponds to the variable-returns-to-
scale (VRS) scenario (Cooper et al., 2007). If this constraint is not included in the formulation, the model

good bad free

would become a constant-returns-to-scale (CRS) scenario. s;,S;,S>, S and s,°° are slack variables

denoting, respectively, input excess, output shortage/consumption gap, link shortfall, link excess and link
deviation.

The input-, output- and non-oriented DSBM models evaluate the overall efficiency of DMU_ with

free

variables /| S, S8 g*%and s,°° . Essentially, the objective functions of input- and output-oriented
DSBM models are denoted as [DSBM,] and [DSBMg], in which their corresponding efficiency scores,

I, and r, are obtained from the following:
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) 1 I e 3 am W_ S nbad sbeld
DSBM,] Min =—jwd- L ! 14
[ ] nErave m+nbad?}2 Xeo %z’;‘i‘“: a4

é 1 s W s goodsgood
[DSBMo] Min r == th L+ A e (15)
° ° tal £ srngood? Ty, A et

[DSBM,] and [DSBMo] are subject to Egs. (1)-(5) and (8)-(13), where W', w and w" are weights to

period t, input i and output i, respectively, which are supplied exogenously according to their importance,
and which also satisfy the following conditions:

T m s

aw=T,gw=mand g w' =s. (16)

t=1 i=1 i=1

If all weights are even, then w', W and W' can be set W =1("t),w =1("i) and w" =1("i).

The proposed 3BM moded

Basically, the proposed dynamic integrated slack-based measure (DISBM) models use the above
[DSBM;] to measure technical efficiency, denoted as [DSBM;-TE], and the above [DSBMo] to measure
service effectiveness, denoted as [DSBMo-SE]. The technical efficiency score r.. and the service

effectiveness score r¢. can be respectively obtained from the following:

nbad bad

[DSBM,-TE] Min rTE——a 3 wa- e, g 7

t=1 @ m+nbad(;|—1 Kot —1 Lot :

subject to Egs. (1)-(5), (8)-(13) and to the conditions in Eq. (16).

- ?1 T e W s goodsgoodcﬁj
DSBMo-SE] Min rec=1/] L8 wa+ Ley S gh (18)
osovosel =y [ avgey L e S B

subject to Eqgs. (1) and (4)-(13), wherew and w" are weights to period t and consumption variable i

which are supplied exogenously according to their importance, and which also satisfy the following
conditions:

éw‘zTand évvi*zl (19)
t=1 i=1

Under CRS context, we integrate the above [DSBM,-TE] and [DSBMo-SE] into the DEA modeling,
denoted as [DISBM-CRS]. The integrated efficiency values r.._o can therefore be obtained from the

following:

287



C nbad cbad gy
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[DISBM-CRS] Min /.o =— - © 2 M i e (20)

1 -|- e 1 W S good Sgood
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subject to Egs. (1)-(11), (13) and also satisfying the conditions in Egs. (16) and (19), where r
denotes the integrated efficiency score of DMU, . If Eq. (20) subject to Egs. (1)-(13) can also satisfy the

conditions in Egs. (16) and (19), [DISBM-CRS] would become [DISBM-VRS]. Following Tone (2001),
both [DISBM-CRS] and [DISBM-VRS] can be solved as a linear programming problem.

The overall efficiency score for each DMU can be determined by the above [DISBM-CRS] and [DISBM-
VRS] formulations. The proposed DISBM modelling approach would have the same properties as the
non-oriented DSBM model in Tone and Tsutsui (2010). However, the superiority of proposed modelling
approach is that it can be used to evaluate the efficiency for multiple departments under multi-period
contexts.

CASE STUDY

To demonstrate the proposed DISBM models, a case study of intercity bus transport is presented. This
case study evaluates the technical efficiency and service effectiveness of 33 intercity bus companies in
Taiwan over 5 periods: 2007-2011. The variables are arranged as follows: two input variables—number
of buses (NB) and operating network (ON), two output variables—number of bus runs (NBR) and bus-
km (B-km), three consumption variables—number of passengers (NP), passenger-km (P-km) and average
number of on-board passengers per run (AOP), and one “carry-over” variable—operating revenue (OR).
All of the data are directly excerpted from the Annual Repors released by the Ministry of Transportation
and Communications. The descriptive data in period 2007 are illustrated in Table 1.

Table 1 Descriptive data for 33 Taiwanese intercity bus arriers in 2007

ltem Input Output Consumption Carry-over
NB  ON (km) NBR B-km NP P-km AOP OR (NT$)
Mean 95 758 131,035 15,098,520 2,226,501 216,797,276 12 296,573,366
Std. Dev. 204 1,846 244,467 35,393,948 4,713,225 547,153,087 6 704,274,639
Max. 984 7,754 1,322,583 205,837,912 27,090,186 2,700,030,241 42 3,337,133,985
Min. 1 32 40 52,166 5,952 248,823 3 594,691

We employ the proposed [DISBM-CRS] model to jointly measure the overall efficiency scores of each
bus company under CRS with equal weight for each period. Table 2 presents the overall and 5-period
efficiencies. For comparison, we also employ separated DSBM models which measure the non-oriented
technical efficiency and service effectiveness for each company. Table 3 reports the results of separated
DSBM models.

Table 2 Results of[DISBM-CRS] modelin 20072011

Overall efficiency 2007 2008 2009 2010 2011

DMU TE SE TE SE TE SE TE SE TE SE TE SE
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1 0.891 0.847 0.724 0470 0.730 0.767 1.000 1.000 1.000 1.000 1.000 1.000
2 0.849 0.266 0.721 0.061 0.786 0.101 1.000 1.000 0.737 0.101 1.000 0.067
3 0.999 0.752 1.000 1.000 0.997 0.339 1.000 1.000 1.000 1.000 1.000 0.421
4 0.873 0.688 0.867 0.424 0.792 0.739 1.000 1.000 0.757 0.741 0.947 0.535
5 0.807 0478 0.645 0.472 0.742 0.673 0.902 0.099 1.000 0.610 0.746 0.534
6 0.844 0.641 0756 0552 0.898 0.744 0.866 0.584 0.876 0.656 0.826 0.671
7 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
8 0.886 0.108 0.795 0.069 0.853 0.063 1.000 0.119 0.915 0.125 0.865 0.165
9 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
10 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
11 0.996 0.211 1.000 0.129 0.991 0.160 1.000 0.329 1.000 0.208 0.987 0.228
12 0.989 0.221 1000 0.159 1.000 0.430 0.945 0.350 1.000 0.075 1.000 0.089
13 0.960 0958 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.800 0.788
14 0.884 0.292 0.842 0.217 0.885 0.466 1.000 0.207 1.000 0.311 0.691 0.260
15 0.977 0.843 0.887 0.216 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
16 0.926 0.701 0.777 0535 0998 0.757 0.904 0.772 0.950 0.754 1.000 0.688
17 0.950 0966 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.750 0.831
18 0.737 0.769 0.654 0.625 0.709 0.839 0.781 0.750 0.775 0.807 0.767 0.823
19 0.937 0878 1000 1000 1.000 1.000 1.000 1.000 0.787 0.728 0.900 0.661
20 0.617 1.000 0994 1000 1.000 1.000 0.013 1.000 0.078 1.000 1.000 1.000
21 0.773 0.724 0.602 0.724 0.759 0.748 0.757 0.673 0.749 0.713 1.000 0.762
22 0.836 0.883 0.331 0.840 1.000 1.000 1.000 1.000 1.000 1.000 0.850 0.577
23 0.863 0.799 0510 0.767 1.000 1.000 1.000 1.000 1.000 1.000 0.803 0.229
24 0.533 0.119 0597 0.065 0.338 0.152 0.546 0.156 0.543 0.179 0.642 0.041
25 0.644 0.284 0.667 0.224 0500 0.418 0.767 0.209 0.640 0.302 0.646 0.269
26 0.745 0545 0.779 0.723 0.802 0.637 0.752 0.486 0.703 0.452 0.688 0.428
27 0593 0.196 0523 0.128 0.603 0.190 0.607 0.290 0.605 0.220 0.629 0.154
28 0554 0.432 0602 0523 0321 0417 0564 0361 0.639 0.457 0.644 0.401
29 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
30 0.895 0.877 0834 0836 0927 0788 0714 0.760 1.000 1.000 1.000 1.000
31 0.658 0.472 0553 0.273 0572 0301 0543 0.335 0.623 0.452 1.000 1.000
32 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
33 0.962 0774 1.000 1.000 1.000 1000 0983 0.725 0.827 0.673 1.000 0.472
Table 3 Results ofseparatedDSBM modelsin 2007-2011
DMU Overall efficiency 2007 2008 2009 2010 2011
TE SE TE SE TE SE TE SE TE SE TE SE
1 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
2 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
3 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
4 0.964 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.822 1.000 1.000 1.000
5 0.845 0.663 0.752 0.858 0.803 0.841 0.896 0.261 1.000 0.725 0.772 0.629
6 0.965 0.855 0.863 0.966 0.965 0.909 1.000 0.752 1.000 0.829 1.000 0.819
7 1.000 1.000 1.000 1.000 1.000 1.000 1000 1.000 1000 1.000 1.000 1.000
8 0.738 0.154 0.457 0.121 0.453 0.185 0.863 0.163 0.917 0.139 1.000 0.162
9 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
10 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
11 0.867 0.296 0.692 0.289 0.788 0.355 1.000 0.329 0.949 0.230 0.905 0.277
12 1.000 0993 1.000 0.997 1.000 0.982 1.000 0.997 0999 0994 0999 0.997
13 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
14 0.758 0.449 0.706 0.309 0.885 0.474 0.810 0.381 0.860 0.449 0.530 0.632
15 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
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16 0958 0.739 0.889 0.533 1.000 0.806 0.947 0.778 0.957 0.813 1.000 0.763
17 0.943 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.714 1.000
18 0.838 0.766 0.774 0.651 0.765 0.895 0.925 0.688 0.887 0.784 0.837 0.811
19 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
20 0.617 1.000 0.994 1000 1.000 1.000 0.013 1000 0.078 1.000 1.000 1.000
21 0.781 0.708 0.617 0.719 0.776 0.745 0.777 0650 0.779 0.695 0.958 0.730
22 0914 1000 0570 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
23 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
24 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
25 0.620 0.324 0.593 0.298 0558 0.349 0.686 0.293 0.614 0.360 0.650 0.320
26 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
27 0.699 0.488 0.605 0435 0.721 0511 0.733 0510 0.787 0.581 0.651 0.402
28 0.643 0483 0.760 0.631 0.339 0445 0.683 0.373 0.717 0.523 0.717 0.445

29 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
30 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
31 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
32 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
33 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1000 1.000 1.000 1.000 1.000

Figure 2 compares the overall technical efficiency and service effectiveness of DISBM to those of
DSBM. From Figure 2, obviously, the benchmarking power of DISBM is much superior to that of
DSBM. It should be mentioned that the efficiency scores cannot be compared directly because the
problem structures are different—DISBM has an aggregated structure but DSBM has an independent one.
Besides, DSBM over emphasizes the importance of production sector because of its independent
structure—the production sector has been evaluated twice with completely opposite position. The
production sector is viewed as output sector for technical efficiency and output shortages are measured.
On the contrary, it is treated as input sector for service effectiveness and input excesses are measured.
This difference explains why some DMUs are evaluated with efficiency (effectiveness) in DSBM but
inefficiency (ineffectiveness) in DISBM.

K W \}"t\f‘-uwf JI"\,II. < i — «"}!E Ei' ':I‘. _i; ’I ;;.'1;1')'{ lll'_r ';E: :I:L'.: :i-.

Figure 2 Comparison of DISBM and DSBMmodels

CONCLUSIONS

This paper has contributed to DEA literature in several ways. In theory, the novel DISBM approach takes
into account the non-storable production properties with carry-over effects by integrating both DSBM
technical efficiency and service effectiveness into the DEA modelling such that the non-radial slack
values for input, output and consumption can be jointly determined. Therefore, the proposed DISBM
modelling can precisely account for input excesses, output shortages and consumption gaps. In practice,
the case study has demonstrated that DISBM is superior to DSBM in terms of benchmarking power.
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The proposed DISBM models are specified with integration of input-oriented technical efficiency and
output-oriented service effectiveness. Other specifications or even multi-objective specifications deserve
further exploration. This study only illustrates a case study (bus transit). It is a challenging issue to apply
the proposed DISBM models to an enterprise with many branches or departments that are vertically
and/or horizontally interrelated, such as the supply chain systems within an enterprise, the postal mail
operation (pickup, processing and delivery), among others.
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ABSTRACT

A centralized decision maker (DMU) as supervises of its decision making units (DMUSs), interest to minimizing the
total input consumptioand maximizing the total output production. This can be done by maximizing the efficiency

of individual units using by conventional DEA models. This paper computes the models which used the above
process for fuzzy data. We deal with linear programmingleros with fuzzy parameters from the viewpoint of
expert's imprecise or fuzzy understanding of the nature of parameters in a prdbtemlation process and

consider fuzzy linear programming arising from the linear programming problems. It would benlgertare
appropriate to interpret the experts understanding of the parameters as fuzzy numerical data which can be
represented by means of fuzzy sets of the real line known as fuzzy numbers. Now we extended the centralized
resource allocation in fuzzy emehments and gave an allocation scheme by adopting the solution for this data. The
advantages of these models are considered by examples.

Keywords Data envelopment analysis, Centralized resource allocakianzy linear programming

INTRODUCTION

Centralized resource allocation models in input orientation (CRA-I) which presented by Lozano and Villa
in 2004 are a type of data envelopment analysis models with variable return to scale. We presented a
scheme for compute the models for fuzzy data. In most real-world situations, the possible values of
parameters of mathematical models are often only imprecisely or ambiguously known to the experts. It
would be certainly more appropriate to interpret the experts understanding of the parameters as fuzzy
numerical data which can be represented by means of fuzzy sets of the real line known as fuzzy numbers.
Now we extended the centralized resource allocation in fuzzy environments and gave an allocation
scheme by adopting the solution for this data [2, 3].

RADIAL CENTRALIZED RESOURCE ALLOCATION INPUT-ORIENTED WITH FUZZY DATA

As it is usual with radial models, there are two phases. In the phase I, an equi- proportional reduction
along all input dimensions is sought while, in the second phase, additional reduction of any input and/or
expansion of any output are pursued in fuzzy environment [4,5].Instead of reducing the inputs for each
DMU, the aim is to reduce the total input consumption of the DMUs. Let j,r =1...,n be indexes for

DMUs; i =1,...,m, be index for inputs; k =1,...,, p , be index for outputs, x, ,amount of input i consumed

ij ?

by DMUj; Y, , quantity of output k produced by DMUj; ¢ , radial contraction of total input vector; s, ,
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slack along the input dimension i ; t, , additional increase along the output dimension k (/,,, 4 ,..., /)
vector for projecting DMUTr . The phase | model with fuzzy data is:

Min g
sta @/, % ¢ g & i 4,2,..,m
r=1j % j 1=
a é./jrykj 2 é&j k 42..,p
r=1j % j 1=

a/’,=1ir 42..n,
j=1

/jr 20j,r 42,.,n,
g free (A

This is an LP model with n* +1variables and m+ p +nconstraints. Let ¢ be the optimum of the previous

model, then the phase 1l model can be formulated as:

m p
Maxq s+ at
k %

i=1

st &/, %=9g & -s i E.m

r=1j % j 1=

a é./jrykj = aﬂq‘ % k E..p
r=1j % i 1=

a /, =1 r 4,.n
j=1

/J.r 20 j,r 4,..,n
5§20 i 4,...,m

t 20 k 4,..p (2

Where %, is triangular fuzzy number, in this paper, we employ a parametric approach to solving the linear

programming problem with fuzzy parameters in order to construct the values of coalitions [4]. First we
introduce the a-level of the fuzzy number % defined as the set(X;), in which the degree of their

membership functions exceeds the level a:
(%), ={(%) m (%) ? a
k=1..,n,i 4,..,nm

Now suppose that all players consider that the degree of all the membership functions of the fuzzy
number involved in the linear programming problem should be greater than or equal to a certain degree a
[5]. Observe that there exists an infinite number of such a problem (2) depending on the coefficient vector
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(% )1 (%), and the value of (X;)is arbitrary for any (%;)I (%), in the sense that the degree of all

the membership functions for the fuzzy number in the problem (3) exceeds the level a.

For a certain degree a, it seems to be quite natural to have understood the linear programming problem
with fuzzy parameters as the following non fuzzy a-linear programming problem:

Maxd 5+ &l
k &

i=1

st &/, %= & -s iE.nm

r=1j % i 1=
é a/jrykj = é{q £ k F.., p
r=1j % i 1=

a/’, =1 r 4,..,n
j=1

/,20 jh,r 4..n
20 i 4..,.m
t.20 k 4,..,p
()1 (%), 3)

It should be noted that the coefficient vector (X;) is treated as decision variables rather than constants.

However, from the properties of the a-level set for the vectors of fuzzy number X it follows that the
feasible regions for X can be denoted respectively by the closed interval [x -, x"]. Thus, we can obtain an

optimal solution by solving the following linear programming problem [5]:

Min g Min g
stg & . X¢ g & i 4,2,..,m 2 " -
d A’ T 1:&,5 st iazlj%/jrxuL ¢ 71§§ i 4,2,.,m
a a;y: a k42..p 4 &,y'2 & k42..p
=l P ir =
al’, =1 r 42..,n a/, =1 r 42,..,n,
j=1 j=1
/jr 20 j,r 4,2,...n /J.r 20 jr 4,2,.n,
qg free 4) g free 5)

Conversely think that the problem should be solved by taking a pessimistic view [4].
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m p
Max] s+ § nn P
4o al o 5+ i

s@h@ﬁﬁ:ifﬁ-$ i £, m méé“g=igg-s i £, m
éljéljr ys :j 19/: k « F P éljné/"y: :;ng: % K F..p
Ja:llf =lr 4..n { 6jr 1=n 'a?./,-r =1r 4..n [ 8jr 1=n
- 4
§20 i4..m t @6 k 1=, p(6) §20 i4.m t @ k 1=, p(7)
Once the / Input- oriented model with fuzzy data is solved, the corresponding vector (/°),, /5., )

defines for each DMUFr the operating point at which it should aim. The inputs and outputs of each such
point can be computed as

So=A/,% K ZL.,p

j=1

M ODIFICATION OF CENTR ALIZED RESOURCE ALLO CATION (VRS)/RADIAL /INPUT-ORIENTED WITH
ASSURANCEREGION METHOD FOR FUZZY DATA

In this section the radial centralized resource allocation models with variable returns to scale modified
based on previous section with Assurance Region Method for fuzzy data[6]. Here the aim of modified
model is reduction the sum inputs without any decreasing in the summation of outputs in the absence of
weak efficiency frontier. For this purpose, we have

Modified centralized resource allocation model (VRS) /Radial/hopiented

Max é.uk é.ykj"' ér

k=1 j % r 1=

S-t.a[p.Vi nax; =1

=1 ]2
p m
aul- avx % € pr l1=.,n
k=1 i 2
U Ve e el
L¢— &, k Z3..,p L —¢ Udi 2,3=.,m
t v
V20 i 4..m y 0Kk 1=, p x freer 1,.5n(8)

Then the modified phase Il model can be formulated as:

ModifiedModel phase 1l/ Radial/ Inpubriented
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m p

Maxg s+ & o P,

X§i$ k?l Maxa s+ at
i=1 k %

st.f.‘ n../_ Fo g "ur D m 0 N |
2'119 o qj 1=a§R P st &/, X=§¢ & -5 i E.m
r=1j % j 1=
3 3/ y?= JF k E., non,
2-1 j? ir yk] j 1gkj t p a./jr y: = a/: t k F] p
r=1j % j 1=

é/jr =1r 4,..n,

=1

u
Lt &, k 23..,p L¢% @, k 23..,p
U U
Lii¢v—i ® i %3..m/, 02 jr l.5n Liet @, ii 23..m,
1 Vl
§20 i4..m t 8 k=1..,p (9 §20 i4..m t 8 k=1..p (10
Once modified phase Il model is solved, the corresponding vector (/°,,, /5 ..., {)defines for each

DMU:r the operating point at which it should aim.

NUMERICAL EXAMPLE
This section, indicate results will be obtained for 7 DMU with one input and one output. By varying

parameter o from 0.0 to 1.0 at intervals of 0.25, we construct the fuzzy values as shown in follow Table. (
results computes only for a=1)

Table 1: Data and results for example (onenput, one-output)

DMU y X ¥ X
A (2,34 (35,7) (6,8,10) (2,4,6)
B (6,8,10) (2,4,6) (6,8,10) (2,4,6)
C (3,5,7) (2,5.8) (4,6.8) (2,3,4)
D (3,5,7) (8,10,12) (6,8,10) (2,4,6)
E (4,6.8) (6,8,10) (6,8,10) (2,4,6)
F (3,7,11) (9,11,13) (6,8,10) (2,4,6)
G (6,8,10) (6,9,12) (6,8,10) (2,4,6)

Sum 38 54 54 27

CONCLUSIONS

In this paper, we have studied the Centralized resource allocation with fuzzy data. Regarding this subject,
we have proposed a method for compute Centralized resource allocation with variable return to scale for
fuzzy data then modified the proposed models, and transform fuzzy programs to non-fuzzy for solving
fuzzy numbers problem by a -level set of the fuzzy numbers. Furthermore a numerical example, have
been calculated with proposed ways, has been considered.
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ABSTRACT

In this research, we deal withraalistic decision problem that contains fuzzy constraints and uncertain information
(stochastic data) that most productive scale size (MPSS) is estimated in imphegise constrained DEA (data
envelopment analysis) model. Moreover, intention of théearch is to develop and solve a chanoastrained

inputoutput orientation DEA model in which even the chance factors associated with the constraints are not
specifiedprecisely. Fuzzinessand probability concepts allow the data errors and provide probabilistic results.

Hence, fuzziness and randomness are required to be considering in a real situation, simultaneously. Other
advantage of our research i singthe tolenarres sllewedilay nexigian makérs. i d e a s
In this study, a methodology is taken for conversion of fuzzy probabilistic constraints into the deterministic
equivalent form. At last, an empirical example highlights the application of the model then isectiend for

future research are suggested.

Keywords Data envelopment analysis (DEA); Most productive scale size (MPSS); Imprecise-chastrained
input-output orientation model

INTRODUCTION

Data envelopment analysis (DEA) is a managerial approach to access relative performance/efficiency of
decision making units (DMUSs). As one of the advantages of DEA is to require neither a priori weights nor
a precise functional specification among multiple inputs and outputs, whereas DEA does not permit
stochastic variations in input-output data, with imprecise and uncertain information involved in the
constraints of DEA models.

Classic DEA models in stochastic DEA, the input-output orientation model presented by Jahanshahloo
and Khodabakhshi (2003) and Khodabakhshi (2009) till has not been incorporated in assumptions of
stochastic and fuzzy concepts. Thus to close this gap, we have incorporated fuzzy and stochastic topics
into the input-output orientation DEA model, by considering the concept of the chance constrained
programming. Hence, we first extend the input-output orientation model that was initiated by
Jahanshahloo and Khodabakhshi (2003), into imprecise-chance constrained one, and then a deterministic
equivalent model is obtained in order to solve the model. Despite being non-linear, a methodology is
taken for conversion of fuzzy probabilistic constraints into the deterministic equivalent form. Note that,
the process of conversion deals first with randomness and then with fuzziness. One it can first deal with
fuzziness and then randomness. However, the results will be the same. This is because of the concepts
that the involvement of randomness and fuzziness are independent in this model. The purpose of this
research is to develop and solve a chance-constrained input-output orientation DEA model that
determines MPSS, in which even the chance factors associated with the constraints are not specified
precisely.
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The remainder of this paper is organized as follows. We apply the proposed model on real world data set
to demonstrate how to use the results, in Section 2. Finally, Section 3 concludes this study along with
future research agendas.

PROPOSED METHOD
Illustration of the propositions

In this subsection, we state two propositions that are utilized to convert imprecise-chance constrained
input-output orientation model into a deterministic one, in the next sections. Note that hereafter symbol “
_J» indicates the fuzziness.

Proposition 1. If prob(Z¢ Z) = (2 , then prob(z ¢ z) = Fz +2 where, Z is the

standard normal variable and Dz (DZ >0) is the limit of the tolerance permitted and fixed by the

decision maker to designate the extent of fuzziness associated with (l: Z”

Proof. Standard probability theory states that pl’Ob(Z ¢ Z) = Q:Z), where, Z is the standard normal

variable and (Z ¢ z) is a non-fuzzy event.

Now, the membership function of the fuzzy event (Z ¢ z) is as:

§1 Jif Z ¢z,

1z+ @) Z _
mzZ)=1——— f z ¢ ¢ &

0 Dz

}0 ,otherwise

Therefore,
prob(Z ¢ z) =prob(r{ 2 @) pro OE'E
c Dz .
=prob(Z ¢z +zZp EzF 2+ D

Proposition 2. If prob(Z ¢ z) 2a, then F (Z + D) (é -E) where, DZ and Da are the

extent of the tolerances fixed by the decision maker due to the symbol (1: Z > and “ prob ( . ) 2ar,

Proof. The membership function for the fuzzy probability prob( Z¢ Z) 2a is defined as:
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él Jif prob(Z ¢ z) 2a,

prob(z ¢ z) {a - &
Da

L N

if (@ - B pob(Z _z)¢ ¢

,otherwise

n%robgezgc z§ 9=

——— —) —— —)
o

prob(Z¢ z) {a - &, 0

Therefore,
Da

2
Hence, n%robgezg:zg 32 0. So,
prob(Z ¢ z) %a - 4p According to Proposition 1, wethusget F(z + B) (& 4. C

Imprecisechance constrained inpautput orientation model

In this section, we suppose that imprecise (fuzzy) and probable relations where the probability measure
associated is also not specified clearly in the following model:

Max 7, - g
e 0 _
st. Pia/;% - g% © ¥ sai L.5m

ii= y
en G

Pia/Jyﬂ - Jyro ~20 ll:F ar 1,..:.,5,
fi= y

a /=1, {20, ] E..n,

1)

~ ~ ~ T . - - -
where, X, =(X1j eeer X )T and Y, =(y1j yoes ysj) , (") are continuous normally distributed

random variables with specific density functions, in the constraints, (1- &) is probability measure related
to each set of the constraints.

In this context, chance factors are assigned to the constraints. In fact, a group of managers decide that a
fuzzy (probability) value, say, around (1- @) [[0,1] will be satisfied within this “imprecise probability
level”. Hence, to confine constraint violations the manager appears to be more confident in assigning the
level of probability to each constraint in linguistic terms, in spite of choosing of the level of the chance
factor (may be in linguistic terms or be given numerically as (1- &)) is totally a managerial decision.
Meanwhile, we can interpret the tolerances associated with each constrained, as the extent of deviation
that the decision maker considers on satisfying the set of constraint concerned. It means that the tolerance
is a subjectively chosen constant expressing a limit of the admissible violation of the constraint in a fuzzy
inequality expression. Furthermore, the fuzzy inequality expression” ¢ ” can be interpreted as a possible
surplus over right-hand side is permitted. Although for any feasible solution, the right-hand side of the
inequality is passed over the right-hand side plus its corresponding tolerance on no account.
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Now to deal with concepts of fuzziness and probability, let’s assume the set of input constraint in model
(1), for simplicity matters. Probability of this fuzzy event may be expounded as the measure of the degree

to which a feasible (/,, 4,..., ,{ ,) isreliable. It means that the higher the value of (1- &), the more
the credibility of (/,, £,..., { ,). In fact, fuzziness here arises due to the imprecise information about

the probability along with inexact specification of the constraint concerned. Moreover, here fi prob o

denotes imprecise specification of the chance factor (admissible by an expert externally) in the constraint
set of model (1).

Theorem 1.Model (1) is always feasible for every a level.

Proof. Let/, = g 4, ,/ G(foral j o), , /L. Thisisa feasible solutionatevery a level. [J

In the next subsection, we give a methodology to handle model (1). Note that, as concepts of randomness
and fuzziness are independent hence, the process of conversion deals with randomness and then with
fuzziness.

Methodology of conversion intdeterministic equivalent

In what follows, to account for how model (1) can be converted into a crisp equivalent version, we tackle
the following procedure on the set of input constraint for simplicity, as our descriptive starting point.

- -
Here, we take account of the constraint set as prob‘?é /X, - g%, © ldf ;@ i, Where, X; and
ii= y

X, "1,] are deemed to be independently and normally distributed random variables with given

o?

density functions in terms of their means and standard deviations symbolically, as follows:

%, ON( .5 ) C LD, % ONGg . §) (.
Now, let us take Y, =@/, % - @g%,, I, where, Y; is a normally distributed random variable.
j=1

Thus we have: prob(y;, ¢0) 2 a, i.

Restoring the fuzzy ordering between the left-and-right hand sides of “ ¢ ” in the parenthesis (), then

Y, can be replaced by its standard normal variable with mean O and standard deviation 1 as bellows:

prob(((Yi -m )/ g, )NG( 7 Y9)~12 ,-ai, where, /mand s, ,"i are the mean and
standard deviation of Y,

F(-m/s) @ -a @Dz i,

respectively. In what follows, according to Proposition 2, we can write:

where, F is the cumulative distribution function (cdf) of a standard normal random variable. D(1 -&) is

the limit of the tolerance permitted by the manager related to fi prob o . Here,
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Yi=a/, % (g% H D)), 1 ae normally random variables with means (

m, = a IX; -8, -.,D i,) and standard deviations (sYii) here, D, "i are the means of the
j=1

tolerances of (qOX“iO), " 1. Besides, in accordance with the property of normal distribution, it is shown
that:
2 N, L ", o~
s,V =(¢(.9)) A &, CoV(X. %) A, o AaCoH. %)
I j = j=1
0 j.o

|
+ /0 - g)zvar()zm) V-ar( (Q&io))' i' !

where, Var(D(qo X )) "i are the variances of the tolerances fixed by the decision makers. Thus we
have:

a’x - g -.D *,.q. "E -@- )P sa 0+ i, where, Fis the inverse of
j=1

F at level of a. Similarly, the above procedure can be carried out on the set of output constraint to

transform it into a set of deterministic version. Thus, the equivalent crisp forms of the constraints of
model (1) can be obtained as bellows:

Max 7,- g

s.t. f:ni/jxij - % -.D F@ a @- Pa'(g, s 0+ i4..,m
=1
Aly,- fYo -.D '@ & (- Pr2(d. Fs! 0-r1 E.s
j=1

A/,=L {2, | E.,n,

i=t

(o (g )

n n
s

A &, [CH(%.%) e, DA qCov(%. %)

j I.o

+(/, - @Var(x,) “ar( (R&,)). 1"

=}
=}

A, ICOV(Va. %) R(, +) & CoRy. )

+(l, - ONVar(y,) War( (RF,)), n"
s 20, i 4..,m, s" e r 1=,s 3)
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where, y, and Y, are respectively the expected values corresponding with outputs of DMU; and
DMU,, respectively. Also, D, ('r) are the means of tolerances of (f,y,). Moreover,

Var (D(fO Vo )) are the variances of the tolerances fixed by managers.

Definition 2. (Pareto-efficient fuzzy stochastic MPSS)

DMU, is a fuzzy stochastic MPSS if and only if the two following conditions are satisfied for model
@A):

i.  The optimal value of the objective function is about zero.

ii.  The values of slacks are all zero for all alternative optimal solutions.

Remark 1. It is to be noted that, the frontiers of the imprecise-chance programming models are imprecise
and inaccurate at every @ level. As a result of that, in this situation condition (i ) from Definition 2

implies that the optimal objective function gets closer to zero.

RESULTS AND DISCUSSIONS

In this section, we consider 20 Iranian bank branches with 3 inputs and 5 outputs. Note that, it is deemed
that all Branches have the same variances in the inputs and outputs. Furthermore, let’s consider inputs and
outputs of Branches are independent from each other. The obtained results are presented in Table 1.

Table 1.Computational results of model (3).

Branch Var(g,X,) =009, D=1 ("), D 2 ( r)

F'() = 0.803, F'() = 0.804, F'() = 0.804,
Var(f,y ) = 0.36 Var(f,y ) = 0.36 Var(f,y ) = 0.40
v Z v

B1 1.55564964 1.55526637 1.55526113
B2 0.92757394 0.92741812 0.92741456
B3 0.00030459 0.00006996 0.00005745
B4 2.18221453 2.18150014 2.18149437
B5 2.66988098 2.66881047 2.66879567
B6 1.04899387 1.04865173 1.04864500
B7 0.79461988 0.79416109 0.79415363
B8 0.00519561 0.00509513 0.00508901
B9 0.00019991 0.00004592 0.00003771
B10 0.01026893 0.01020226 0.01019857
B11 0.00795233 0.00787498 0.00786850
B12 0.09044956 0.09033034 0.09032708
B13 0.34501903 0.34493534 0.34493349
B14 0.44732053 0.44732053 0.44692280
B15 0.00011051 0.00002538 0.00002084
B16 0.00019642 0.00004512 0.00003705
B17 0.14869577 0.14863985 0.14863788
B18 0.93804541 0.93781764 0.93781446
B19 0.12917798 0.12922281 0.12922129
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B20 0.81043922 0.81058912 0.81057153

As presented in Table 1, B3, B9, B15, and B16 have optimal solutions, i.e., 7™ is near zero. So, they are
weakly fuzzy stochastic MPSS. The rest of units that their optimal functions are somehow close to zero,
for instance B8 and B11 have good performance in comparison with non-MPSS branches. In addition, the
results from model (3) reveal that B1, B4, B5, and B6 are recognized the worst DMUSs.

CONCLUSIONS

This research explores a realistic decision problem that contains fuzzy and uncertain information and
opens up a new DEA approach that estimates MPSS considering fuzzy constraints and stochastic data. To
do so, we perform a methodology for conversion of fuzzy-probabilistic constraints into the deterministic
equivalent form. The advantage of our research is to impose managers’ ideas, by considering the
tolerances allowed by decision makers. The objective of this study is to develop and solve a chance-
constrained input-output orientation DEA model in order to determine MPSS, in which even the chance
factors associated with the constraints are not specified precisely. Note that, different distributions as well
as normal distribution that have been used in this current study can be suggested from this point of view.
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ABSTRACT

Congestion is one of the important concepts in data envelopment analysis that is a decrease (increase) in one or
more inputs of a ded@n making unit (DMU) causes an increase (decrease) in one or more outputs. In this vein,
Tone and Sahoobés congestion approach is one of the mos
analysis). However, in the presence of alternative gpim s ol uti ons, Tone and Sahoods ¢
congestion (strong and weak). Moreover, in their approach, all inputs and outputs of decision making units (DMUSs)

have been considered positive, while in real world, data is oftemagative.ln this research, a slackased DEA

approach is first proposed to recognize congestion (strong and weak) of DMUs and then, DMUs are clustered in

three clusters. One of the advantages of our approach is capable of detecting congestion (strong and weak) in the
presence of alternative optimal solutiodsotheradvantage is capable of identifying congesting (strong and weak)

DMUs with nonnegative inputs and outputs. Lastly, we apply the approach to the data sets for making comparisons
between the proposed appra h and Tone and Sahoods approach then so
suggested.

Keywords Data envelopment analysis (DEAJongestion; Slack; Efficient; Returns to scale (RTS)

INTRODUCTION

Data envelopment analysis (DEA) is a methodology based on linear programming (LP) model to measure
the performance/efficiency of decision making units (DMUSs) which first proposed by Charnes, Cooper
and Rhodes (CCR) (Charnes et al., 1978). Then, a variable returns to scale (RTS) version of the CCR
model was introduced by Banker, Charnes and Cooper (BCC) (Banker et al., 1984). Congestion indicates
an economic state where inputs are overly invested. Thus evidence of congestion occurs whenever
reducing some inputs can increase outputs. Moreover, congestion is a wasteful stage of the production
process where excessive amounts of the input cause a reduction of the output. In this situation, efficiency
can be improved via a reduction in input, otherwise technically the output cannot be increased. The topic
of congestion was defined and developed via relating the law of variable proportions by Fére and
Svensson in 1980 (Fare and Svensson, 1980). Then, it was extended and developed by Fére and
Grosskopf (Fare and Grosskopf, 1983) in the context of data envelopment analysis (DEA). Again, a
procedure was suggested to identify input factors responsible for the congestion by Fare, Grosskopf, and
Lovell (Féare et al., 1985, 1994).

The congestion was under taken assumptions of strong and weak input disposability. In Fére and
Grosskopf’s (Fére and Grosskopf, 1983) congestion model that they related to the law of variable
proportions, it is necessary that some inputs be held constant but Brockett et al. (Brockett et al., 1998)
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showed that this condition may not be necessary and congestion cab be eliminated by decreasing all
inputs without charging their proportions (See the Appendix in (Brockett et al., 1998)).

In addition, an alternative approach to find out input congestion was presented by Cooper et al. (Cooper et
al., 1996) that it has some advantages to previous methods. Cooper et al. (Cooper et al., 2000) extended a
unified additive model for determining congestion, too. In this context, a procedure to find out the degree
of scale economies (diseconomies) and congestion (strong and weak) for the target DMU was presented
by Tone and Sahoo (Tone and Sahoo, 2004).

It is necessary to mention that, Tone and Sahoo’s approach is one of the most robust congestion
approaches in DEA literature, which has the following advantages with respect to Fére et al., (FGL) and
Brockett et al., (BCSW) congestion approaches.

9 It is capable of recognizing congestion status (strong and weak) for the target DMU, while FGL and
BCSW approaches identify the presence of congestion of the DMU and they are incapable of
detecting congestion status (strong and weak).

9 It is truly capable of identify the presence of congestion, while FGL approach for dealing with
congestion can (1) fail to detect congestion when it is present, and (2) detect congestion when it is not
present.

1 It has less complexity of computation with respect to BCSW approach.
In the current research, we will propose a slack-based DEA approach to evaluate congestion (strong and
weak) of the DMU under evaluation and also, DMUs will be clustered in three clusters. One of the
advantages of the proposed approach is capable of detecting congestion status (strong and weak) for the
target DMU in the presence of alternative optimal solutions while in this situation, Tone and Sahoo’s
approach (Tone and Sahoo, 2004) is unable to detect congestion status (strong and weak). It is worth
stressing that other advantage of the proposed approach is to be able to identify congestion (strong and
weak) of DMUs with non-negative inputs and outputs. Note that, in this situation Tone and Sahoo’s
approach is unable to detect congestion because all inputs and outputs have been considered positive in
this approach. Therefore, our proposed approach is more robust than Tone and Sahoo’s one.

The remainder of this paper is organized as follows. Section 2 briefly describes the proposed congestion
approach. In Section 3, an empirical example is provided to highlight the proposed approach. Section 4
includes concluding remarks along with future research agendas.

PROPOSED METHOD

Tone and Sahoo’s congestion approach has some weaknesses to recognize congestion (strong and weak)
for the target DMU. One of the weaknesses of Tone and Sahoo’s approach is that in the presence of
alternative optimal solutions, it is incapable of detecting congestion (strong and weak). Other drawback of
Tone and Sahoo’s approach is that all inputs and outputs of DMUs have been assumed positive, while in
real world applications of DEA, data is often non-negative. Thus, these reasons make an issue of great
interest in removing these problems.

Now in this section, in order to remove weaknesses of Tone and Sahoo’s congestion approach, we
propose a slack-based DEA approach to recognize congestion (strong and weak) for the DMU under
evaluation.
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Suppose that we have a set of DMUs (X;,Y;) (j =12,...,n) each having M inputs denoted by a
vector X, i 0™ and s outputs denoted by a vector Y, [ 0°. Also, we assume that
X;20 (] £2..,n)and y;20 (j #42,...,n). Let’s consider the following production possibility
set (’PPS): ’

H ol

Poonvex = ?(x y)a/x = aly % a/ 1=,/0;2j 12=,ng (@@

1 j=1 iz j 1=

=

Suppose that DMU , (pi {1,2,..., n}) is on the strongly efficient frontier of Py, ,,.

Definition 1 (Strong congestion) (Tone and Sahoo, 2004)A DMU ((xp,yp)) is strongly

congested if there exists an activity (X,,V, i P

y,2 by, (with b>1).

such that X, =ax, (with 0<a 4) and

Convex

Definition 2 (Weak congestion)Tone and Sahoo, 2004)A DMU is (weakly) congested if it is strongly

and there exist an activity in P, that uses less resources in one or

Convex

efficient with respect to P,

Convex

more inputs for making more products in one or more outputs.

Moreover, let’s define two non-empty sets. Denote G, and G, as bellows:

b
G, :{i‘xip @} . A9 ({Er‘y:rp O} >,

Next, by defining G'p and G; , we solve the following LP (Linear Problem):

1 .t
max ————a —
Card(G)) L& Y
s.t.é/jxijﬂ‘ =%, I E..m
j=1
é/jy”.-tr+ V¥, I E..s, 2

t 20 i 4,...m, t* & r 1=.,5,

r

where e is a non-Archimedean small positive number. Here, after solving model (2), the following cases
are assumed:

If model (2) be feasible, then DMU  has congestion. Then we consider the following LP:
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max

s.t.é/jxijﬂ‘ =, I E..,m
j=1

-y .
t"2e 1 4,....m, @A)

where € is a non-Archimedean small positive number. Furthermore, vector t* isan optimal solution of
model (2) that is fixed in model (3).

Here, by solving model (3), we have the following sub-cases:

(1.b.1) If model (3) be feasible, then DMU ; has strong congestion. Therefore, DMU , has weak
congestion, too.

(1.b.2) If model (3) be infeasible, then t #0 and t . 0 inall of the optimal solutions of model (3),
since DMU | is put onto the strong frontier of F.,.,. Thus, DMU | has weak congestion.

Case (1.b). If model (2) be infeasible, then DMU  does not have strong congestion.
Hence, we consider the following LP:

1 Lot
max z, = a —
" Cad(G)) g Vo

s.t. é_/jxij +t o=, I E..m

j=1

(4)
Let (/7 t 1t *) is an optimal solution of model (4). Moreover, z; represents the optimal objective
valueof (/*,t "t 7).

Thus, in this case via solving model (4), the sub-cases are discussed as:

(2.b.1) If z; >0, then t , 0 thus DMU » has weak congestion.
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(2.b.2) If z; =0, then DMU | does not have weak congestion, too.

“Notice that strong congestion implies weak congestion but not vice versa, and that, in a single input
and a single output case, there is no distinction between strong and weak congestions. Weak but not
strong congestion occurs only for the case with more than one input or one output, (Tone and Sahoo,
2004, pp. 761-762)".

Now after recognizing congestion (strong and weak) for the target DMUs, we cluster DMUs in three
clusters as follows:

Cluster I. The DMUs that they have strong congestion.
Cluster Il. The DMUs that they have weak congestion.
Cluster I11. The DMUs that they have no congestion.

RESULTS AND DISCUSSIONS

In this section, we applied our approach on 30 Iranian bank branches with have 4 inputs and 9 outputs to
study congestion. Note that, all inputs and outputs of bank branches are non-negative and also, the data of
inputs and outputs have not been shown for the sake of their voluminous. It is necessary to mention that,
23 DMUs are strongly P, - efficient branches (branches 1, 2, 3, 4, 5, 7, 8, 10, 11, 12, 13, 14, 17, 18,

19, 20, 21, 22, 23, 27, 28, 29, 30). We are going to identify congestion (strong and weak) of these 23 bank
branches by our proposed approach. The obtained results of the proposed congestion approach and
clustering DMUSs are presented in Table 1.

Table 1.Makihgc ompari sons between our proposed angglusteriagc h

DMUs.
Branch z" Results of our proposed Results of Tone & Sahoo’s Clustering DMUs
approach approach
B1 0 No congestion Unable Cluster 111
B2 0 No congestion Unable Cluster 111
B3 0 No congestion Unable Cluster 111
B4 0 No congestion Unable Cluster 111
B5 0 No congestion Unable Cluster 111
B7 0 No congestion Unable Cluster 111
B8 - Weak congestion Unable Cluster Il
B0 - Weak congestion Unable Cluster 11
B11 0 No congestion Unable Cluster 111
B12 - Weak congestion Unable Cluster 11
B13 - Weak congestion Unable Cluster 11
B14 - Weak congestion Unable Cluster 11
B17 0 No congestion Unable Cluster 111
B18 - Strong congestion Unable Cluster I
B19 0 No congestion Unable Cluster 111
B20 0 No congestion Unable Cluster 111
B21 >0 Weak congestion Unable Cluster 11
B22 - Weak congestion Unable Cluster 11
B23 - Weak congestion Unable Cluster 11
B27 = - Strong congestion Unable Cluster I
B28 0 No congestion Unable Cluster 111
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B29 >0 Weak congestion Unable Cluster 11

B30 - Weak congestion Unable Cluster 11

As presented in Table 1, by using our proposed approach, B18 and B27 have strong congestion. Also, BS,
B10, B12, B13, B14, B21, B22, B23, B29, and B30 have weak congestion and other strong P,

efficient branches have no congestion. Furthermore, making comparisons between our proposed
congestion approach and Tone & Sahoo’s congestion approach is shown in Table 1.

onvex -

Since, all inputs and outputs of bank branches are non-negative hence, Tone and Sahoo’s approach is
incapable of identifying congestion of these bank branches because in this congestion approach, all inputs
and outputs of DMUs must be positive.

CONCLUSIONS

In order to modify Tone and Sahoo’s congestion approach, we first propose a slack-based DEA approach
to evaluate congestion (strong and weak) for the target DMUs and then, we cluster DMUs in three
clusters. One of the benefits of the proposed approach is capable of detecting congestion (strong and
weak) to assess DMUs in the presence of alternative optimal solutions. Besides, another advantage of the
proposed approach is being able to identify congestion (strong and weak) of DMUs with non-negative
inputs and outputs. Possible future research is to take into account evaluating congestion status for special
data, e.g. imprecise data.
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ABSTRACT

Productivity growthmust reflect the realities of production activities. In the manufacturing sector, emissions from

fossil fuel combustion, which are acknowledged as being undesirable outputs, should be taken into account in
productivity change measurement. The main purpadsthis study is to calculate productivity change using the
Malmquist Luenberger Productivity Index (MLPI) on the 15 states in Malaysia. Two stage analyses with a three
year O6windowdé of data is employed t ointhe dUPiccalaulatedtohe i nf e
Directional distance function (DDF). It was found that the main source of the productivity deterioration when

taking carbon dioxide (C§) emissions into account is eefficiency change.

Keywords:undesirable outputs, eeefficiency,MalmquistLuenberger productivity index

INTRODUCTION

An approach that has gained popularity to analyze the productivity change, called the Malmquist Index
(M1). A Malmquist index of productivity change, initially defined by Caves et al. (1982) and extended by
Fére et al. (1992) by merging it with Farrell’s (1957). The Malmquist productivity index is constructed
from the ratios of distance functions. The formulation of this index in terms of distance functions leads to
the straightforward computation by exploiting the relation between distance functions and Debrau-Farrell
measures of technical inefficiency.

However, if the technology has a feature that joints the production of desirable and undesirable outputs,
the Malmquist index may not be computable (Chung et al., 1997). The Malmquist Luenberger
productivity index (MLPI) is formulated to measure the productivity change in which the undesirable
outputs are produced together with desirable outputs. MLPI measures the environmental sensitivity of
productivity growth. Malmquist Luenberger (ML) is different from the Malmquist Index since this
measure is constructed from the directional technology distance functions, which simultaneously adjust
desirable and undesirable outputs in a direction chosen by the decision maker (Fried et al., 2008). The ML
index changes the desirable outputs and undesirable outputs proportionally because it chooses the
direction to be increased the desirable outputs and decreased undesirable outputs. As a similar concept to
the directional distance function approach, ML also seeks to increase the desirable outputs while
simultaneously decreasing undesirable outputs.

In the MLPI, the issue of infeasibility has also been discussed by other researchers (Fére et al., 2001; Jeon
& Sickles; 2004; Oh, 2010). The infeasibility solution may occur for MLPI when utilizing the DDF
approach for two distance functions of mixed period, i.e. t and t+1. According to Fére et al. (2001), the
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production possibilities frontier constructed from observations in period t may not contain an observation
from period t+1 (and vice versa). To overcome the infeasibility problem stated above, Fére et al. (2001)
used multiple year windows of data as the reference technology. Jeon and Sickles (2004) on the other
hand used the index number approach to determine estimates of productivity growth and its
decomposition while Oh (2010) employed the concepts of the global Malmquist productivity growth
index of Pastor and Lovell (2005) with the DDF of Luenberger (1992).

This study may provide an alternative solution to decision makers through the two stage analyses with
multiple year windows of data to form a frontier of reference technology.

METHODOLOGY

In conventional production theory, efficiency is measured by maximizing the production (desirable) of
outputs with a restricted amount of inputs. However, when there is joint production of the desirable and
undesirable outputs, the efficiency measurement is best defined by increasing desirable outputs and
simultaneously decreasing undesirable outputs (Fare et al. 1989). To handle this situation, the directional
distance function (DDF) approach was introduced by Chung et al. (1997) to measure eco-efficiency.

The original DDF model has been modified by Ramli et al. (2013) known as scale directional distance
function (SDDF) so that each output bundle can have a different direction to the production boundary.
This model is based on the slacks-based measure of efficiency. The objective function of the DDF has
been replaced with the summation of [ , the expansion factor for desirable outputs, and [ , the
contraction factor for undesirable outputs in the SDDF approach in formulation (1) below.

- A I [ 1)

Subject to

ae o NQ pkBAON ¢ o T NQ pkB N

a6 6 1 ®NQ pkBH N R F  nNE pltB

Where z, is the intensity variable for the nth observation, x, is the ith input of the nth DMU, y;, is the jth
desirable output of the nth DMU, uy, is the kth undesirable output of the nth DMU, X, is the ith input of
the mth DMU, yin, is the jth output of the mth DMU and uyr, is the kth undesirable output of the mth DMU.

In this study, two stage analyses with multiple year “window” of data, as has been suggested by Fére et al.
(2001), is employed to form a frontier of reference technology to solve the infeasibility problem for a
mixed period in the MLPI approach. In the first stage, four distance functions are calculated using the
model of SDDF. For mixed period calculation, three-year data are used to construct the reference
technology. According to Féare et al. (2001), all of the production frontiers that are calculated are derived
using observations from that year and the previous two years. In other words, the reference technology for
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time period t would be constructed from data in t, t — 1 and t — 2 and period t + 1 would be constructed
fromdataint, t + 1 and t — 1. For instance, the reference technology for time period 2003 would be
constructed from data between 2001 and 2003 and period 2004 would be constructed from data between
2002 and 2004.

Using the SDDF approach in model (1), the solution for mixed period can be solved as follows:
0BY whoh Moh 6 -Ag i )

Subject to

The ML index defined by Chung, et al. (1997) using SDDF model can be formulated as below

® R hnh ® hhnh -
b h h N _h b R h N h ®)

00
Equation (3) can be further decomposed into two measured components of productivity change, which are
eco-efficiency change (MLEFFC) and technological change (MLTC). MLEFFC represents a movement
towards the best practice frontier while MLTC represents a shift in technology between t and t+1.

P RHENH
L L O 000 > E—— 4)

® R Hnh B Fohon h (5)

00 "YO0 — ~
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For each observation, four distance functions must be calculated in order to measure the ML productivity
index. Two distance functions use observation and technology for time period t and t+1 i.e.
OPYwhoh Moh 6 andOPY & ho M Mo h 6, while another two use the mixed period of t
andt+1,ie.0PYw hd M M hé andOPY whom Moh o 8

The infeasibility solution may also occur for MLPI when calculated by the SDDF model for two distance
functions of mixed period. The solution using a multiple year “window” of data as the reference
technology simply reduces the number of infeasible solutions. There are some circumstances where the
infeasible solution still exists, especially when the DMU observed is beyond the reference technology i.e.
OPYw hd M N h o . Tosolve the infeasible problem, second stage analysis will be calculated
using the concept of super-efficiency measurement. Using super-efficiency frontier, the infeasible DMU
will increase the undesirable output and decrease the desirable output to reach the production frontier.
This second stage analysis is only applied to the infeasible solution that occurs during the first stage
analysis. Four distance functions are re-calculated as follows:
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RESULTS AND DISCUSSIONS

This study considers the manufacturing sector in 15 states throughout Malaysia. The state level data for
the observed period between 2001 and 2010 was obtained from the Department of Statistics, Malaysia. In
this analysis, two inputs and two outputs are employed. The inputs are operating expenditure (opex) and
capital. The desirable output is sales in the manufacturing industry while the carbon dioxide (CO2)
emission factor has been included as an undesirable output

Tables 1, 2 and 3 report the results obtained by using the MLPI for productivity change, eco-efficiency
change and technological change. Note that, the three-year “windows” of data is employed to form a
frontier of reference technology for the mixed period in the SDDF approach. Therefore, the changes are
reported for the seven pairs of years over the period 2003/2004 to 2009/2010. In addition, the productivity
changes between the two endpoint years 2003 and 2010 are also calculated to provide an overall picture
of the changes.

Looking at Table 1, given that the total geometric means of productivity change for all periods was
always less than 1, all the states experienced deterioration in the productivity performance over the study
period except in 2006/2007 and 2007/2008 which showed an improvement in productivity (greater than
1). From the results obtained, we may find insignificant variation across states ranging from a low rate of
29 percent decrease in productivity change for Terengganu in 2006/2007 to a high rate of progress of 24
percent for Johor in 2006/2007 as well. Overall, the results suggest that productivity regressed. This
regress is shown in the rightmost column in Table 1, which compares the two endpoint years of the period
under evaluation. This shows that there has been a regression in productivity of as much as 6.1 percent
over the entire period for manufacturing as a whole.

Table 1: Productivity change using the MLR calculated by SDDF from 2003 to 2010

State 03/04 04/05 05/06 06/07 07/08 08/09 09/10 03/10
FIZ

1. Johor 0.859 1.033 0.924 1.240 0.929 0.890 1.095 0.758
2. Melaka 0.982 0.970 0.944 0.927 1.041 0.939 0.904 0.904
3. Pulau Pinang 0.953 1.019 0.867 1.189 1.054 0.966 0.919 0.867
4. Perak 1.037 1.009 0.980 1.065 0.940 1.020 1.028 1.037
5. Selangor 0.989 0.897 0.984 1.018 1.045 0.940 1.183 0.808
Geometric mean 0.962 0.984 0.939 1.082 1.000 0.950 1.020 0.870
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N-FIZ

6. Kedah 1.007 1.052 0.959 1.002 1.021  0.990 0.948  0.941
7. Kelantan 0.991 0.998 0.989 1.019 1.009  0.981 1.010  0.992
8. Negeri Sembilan 1.035 1.141 0.878 1.211 0.982 1.028 0.972 1.177
9. Pahang 1.006 1.069 0.962 1.029 1.035  0.952 1.042 1.070
10.Perlis 0.997 0.995 1.003 1.013 1.003 0.994  0.998 1.001
11.Terengganu 1.011 0.982 1.041 0.710 1.051 0.939 0.875 0.619
12.Sabah 0.943 0.985 1.052 1.023 1.075  0.980 1.014 1.081
13.Sarawak 0.993 0.860 0976 0984 0.963  0.937 0.992  0.980
14.Kuala Lumpur 1.011 0.965 0.986 1.082 0.928 1.081 1.000 1.015
15.Labuan 0.969 1.024  0.998  0.990 0.984  0.999 1.000 1.001
Geometric mean 0.996 1.005 0.983  0.999 1.004  0.987 0.984  0.976
Total geometric mean 0.985 0.998 0.968 1.026 1.003  0.975 0.997  0.939

Further decomposition of productivity change for the manufacturing sector in Malaysia include the eco-
efficiency change (catching up) component (Table 2) and a technological change (innovation) component
(Table 3). For instance, the geometric mean for productivity regress of 0.3 percent in the recent year
2009/2010 in Table 1 when CO2 was weakly disposable was the product of an eco-efficiency change
improvement of 2.8 percent and a technological change deterioration of 3 percent, industry wide.

Table 2: Eco-efficiency change using the MLPI calculated by SDDF from 2003 to 2010

State 03/04 04/05 05/06 06/07 07/08 08/09 09/10 03/10
FI1Z

1. Johor 0.860 0.932 0.907 1.278 0.928 0.772 1.219 0.811
2. Melaka 1.000 1.000 1.000 1.000 1.000 1.000 0.958 0.958
3. Pulau Pinang 1.000 1.000 0.776 1.289 1.000 1.000 0.943 0.943
4. Perak 1.046 0.996 0.973 1.066 0.948 0.982 1.055 1.061
5. Selangor 0.989 0.760 0.937 1.036 1.093 0.752 1.400 0.839
Geometric mean 0.977 0.933 0.915 1.127 0.992 0.894 1.102 0.918
N-FIZ

6. Kedah 1.023 1.033 0.948 1.005 1.027 0.958 0.969 0.961
7. Kelantan 0.992 0.993 0.987 1.019 1.009 0.978 1.015 0.993
8. Negeri Sembilan 1.050 1.090 0.872 1.211 0.998 1.002 1.000 1.208
9. Pahang 1.016 1.074 0.949 1.033 1.041 0.919 1.060 1.086
10.Perlis 0.997 0.994 1.003 1.013 1.003 0.993 0.999 1.002
11.Terengganu 1.027 0.970 1.031 0.711 1.059 0.909 0.889 0.624
12.Sabah 0.957 0.943 1.047 1.032 1.105 1.044 1.000 1.126
13.Sarawak 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
14.Kuala Lumpur 1.021 0.961 0.967 1.083 0.932 1.068 1.005 1.027
15.Labuan 1.000 1.000 1.000 1.000 0.967 1.034 1.000 1.000
Geometric mean 1.008 1.005 0.979 1.003 1.013 0.989 0.993 0.990
Total geometric mean 0.997 0.980 0.957 1.043 1.006 0.956 1.028 0.965

A glance at Table 2 indicates that the results for individual states for each period appeared slightly
heterogeneous as it shows the eco-efficiency change exhibits regress and progress over the study period.
As for Sarawak, the eco-efficiency change index is also equal to 1 from 2003 until 2010. This does not
necessarily imply, however, that the absolute performance of this state has remained stagnant over the
study period. It can be found that the change in eco-efficiency ranged from an increase for Selangor of 40
percent in 2009/2010 to a decrease for Terengganu of 28.9 percent in 2006/2007. For the total geometric
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mean, the eco-efficiency changes portrayed some deterioration except in 2006/2007, 2007/2008 and
2009/2010 when they exhibited improvement.

The technological change shows the extent to which the boundary of efficient production shifts over time.
This component reflects changes in the performance of best states as opposed to the performance of those
states that operate at the interior of the production boundary. Table 3 shows the results of the
technological change component for all the states. Out of the 105 entries, about 53 demonstrated a
negative shift in technology. In addition, only one period of time, i.e. 2005/2006 saw technological
progress for almost all the states.

Table 3: Technological change using the MLPI calculated by SDDF from 2003 to 2010

State 03/04 04/05 05/06 06/07 07/08 08/09 09/10 03/10
FIZ

1. Johor 0.998 1.109 1.019 0.970 1.001 1.154 0.898 0.935
2. Melaka 0.982 0.952 1.044 0.927 1.041 0.992 0.943 0.943
3. Pulau Pinang 1.023 0.883 1117 0.922 1.054 0.966 0.974 0.919
4. Perak 0.992 1.013 1.007 0.999 0.992 1.038 0.974 0.977
5. Selangor 1.000 1.180 1.050 0.983 0.957 1.250 0.845 0.963
Geometric mean 0.999 1.022 1.047 0.960 1.008 1.075 0.926 0.947
N-FIZ

6. Kedah 0.984 1.018 1.011 0.998 0.994 1.033 0.977 0.979
7. Kelantan 0.999 1.005 1.001 1.000 1.000 1.003 0.995 0.999
8. Negeri Sembilan 0.987 1.047 1.007 1.000 0.984 1.026 0.972 0.974
9. Pahang 0.991 0.995 1.014 0.996 0.994 1.036 0.984 0.986
10.Perlis 1.000 1.001 1.000 1.000 1.000 1.001 0.999 0.999
11.Terengganu 0.985 1.013 1.010 0.999 0.993 1.033 0.985 0.991
12.Sabah 0.985 1.044 1.005 0.992 0.973 0.939 1.014 0.960
13.Sarawak 0.996 0.860 0.996 1.001 0.994 0.937 1.005 1.018
14.Kuala Lumpur 0.990 1.005 1.020 0.999 0.996 1.012 0.995 0.988
15.Labuan 0.969 1.024 1.000 0.990 1.018 1.000 1.000 0.999
Geometric mean 0.988 1.000 1.006 0.997 0.994 1.001 0.993 0.989
Total geometric mean 0.992 1.007 1.020 0.985 0.999 1.025 0.970 0.975

For the overall result, technological change ranged from an increase for Selangor of 25 percent in
2008/2009 to a decrease for Selangor also of 15.5 percent in 2009/2010. The technological change
component saw a total of five periods of technological deterioration. Especially during 2006 — 2008 and
at each endpoint year of 2003/2004 and 2009/2010 regression for the technology are recorded.

Overall, it can be seen that eco-efficiency change is the main contributor to the productivity change
during the study period. As for the initial period, i.e. from 2003 until 2005, it can be seen that
technological change is the main contributor of the productivity growth. Examples of technology-driven
processes and equipment include computer-aided design, computer-aided engineering systems, robotics
and nanotechnology.

CONCLUSION

This study may present a comprehensive model that integrates the indicators between environmental and
industrial elements in the Malaysian context. The previous studies in Malaysian manufacturing context
mostly neglected the incorporation of undesirable outputs in their framework, and thus, have no bearing
on eco-efficiency measurement. This study is especially useful in the Malaysian context, as the
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integration between industrial production and environmental performance is quite new. The incorporation
of both desirable and undesirable outputs in the efficiency analysis is very important as the emission of
environmental pollutants is of great concern to the nation. Since the productivity change measurement in
this study calculates both economic efficiency as well as ecological efficiency, thus it may become an
alternative tool to corporate environmental management solution while improving environmental
performance.
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ABSTRACT

The paperdevelopsa modelusing the Data Envelopment Analysis (DEA) to measutput structure efficiency
(OSE)- based oroutputorientated measuri outputstructure (OOS Model). The OOS Modetevelogdby OSS
model and OSM model The OSSmodel is developedased onoutputorientated measureising singleinput to
producesingleoutput andthe OSMmodeis developedased oroutputorientated measurasing ngle-input to
producemulti-outputs.If there is a difference in thiechnical efficiencyscores when we conduct ba@isS model
and OSM model upon the saméecision making unit§DMU) respectively, it indicates that DMU hasitput
structure inefficiencyThe outputstructure efficiencys defined as the ratio of technical efficiersgores of the OSS
model over the OSM mod@ihe resulshows that the OSE score takes a value betweero and oneThe value is
closerto one, theoutput structure is more efficient to tHgMU. The reseach will providetheoretical basidor
measuring th@©SE of DMU and will provideenpirical basisfor optimizingoutputstructureto improve efficiency
according tothe OSE score

Keywords Data Envelopment AnalysisTechnical Efficiency Output Sructure Efficiency, optimizing output
structure

INTRODUCTION

The traditional index of measuring efficiency is the productivity. The productivity can't reveal the
efficiency which caused by the structure. Because the structure change of outputs, the structure change of
inputs, and the price change of inputs and(or) outputs would have significant effect on efficiency, the
researchers turned to using other ways to express “efficiency” better.

Farrell (1957) first proposed modern efficiency measurement based on previous work of Debreu (1951)
and Koopmans (1951). He proposed that economic efficiency consists of technical efficiency (TE) and
allocative efficiency (AE). The TE reflects the ability of a particular decision making units (DMU) to
obtain maximal outputs from a given set of inputs, or the ability of a DMU to obtain minimal inputs from
a given set of outputs. And the AE reflects the ability of a DMU to use the inputs in optimal proportions
in given respective prices. These two measures are then combined to provide a measure of total economic
efficiency.
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The research only thinks about the TE but not the AE. The related researches about the efficiency which
caused by the structure change of inputs were rather less according to Wei Chu (2011) in domestic and
foreign. Lu Mingxiang (2012, 2014) did empirical research of input structure efficiency (ISE) of energy
on the regions of china. In this research, we focus on the structure change of outputs and do the
theoretical research on output structure efficiency (OSE). By the research, it will provide theoretical basis
for measuring the OSE, and will provide empirical basis for optimizing output structure with a better
composition to improve the efficiency.

RESEARCH METHOD AND |DEAS
ResearchiMethod

In the researches of abroad, technical efficiency measurement general uses production frontier theory. It is
measured by the distance from the DMU to the production frontier. There are two principal methods: the
parametric method and the non-parametric method.

The parametric method conducts the parameter estimation by prior production function or cost function.
Its core is to build a frontier production function. Aigner and Chu (1968) suggested that the quantity
relation between the production factor’s inputs and the maximum possible outputs reflects the frontier
production functions under certain production conditions. It measures the TE of the DMU by the
production frontier which is determined by the frontier production function. The parametric methods include
Stochastic Frontiers Approach(SFA), Thick Frontier Approach and Distribution Free Approach mainly. The
SFA is in most commonly used.

The non-parametric method doesn’t make assumptions for specific form of the production function, and
the production frontier is non-random. Any distance to production frontier is considered invalid. The Data
Envelopment Analysis (DEA) is in most commonly used, which determines the efficient production
frontier according to many DMUs. It determines whether the DMU is DEA effective according to the
distance from the DMU to the efficient production frontier.

There are no advantages and disadvantages about these two methods in efficiency research. Berger and
Mester (1997) did a statistics in 122 financial firms which dispersed in more than 30 countries. There
were 62 firms used the DEA approach. Therefore, we select the DEA as the research method. The DEA
approach includes the input-orientated measure and the output-orientated measure. We research the
output structure efficiency, which is associated with the output-orientated measure.

Researchdeas
The research develops a model to measure the OSE - based on the output-orientated measure in output

structure which is named OOS model. We research efficiency both considering of output structure and
non-considering of output structure upon the same DMU respectively.

Under non-considering of output structure, we assume using single-input ( X ) to produce single-output (
Y).And, X =x, + X, +3 +Xx,, Y=y, +Yy, +3 +y,. We develop a model to measure the TE based on

output-orientated measure in single-input and single-output which is named OSS model. The assumption
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of OSS model is only appropriate when all DMU’s are operating at an optimal output structure. But in the
real life, output structure is varied. Difference of output structure may cause a DMU to be not operating
at optimal output structure. We assume using single-input ( X ) to produce multi-outputs (y) while

considering of output structure. And, X =x, +Xx, +3 + X, y=(y1,y2,3 ym)T. We develop a

model to measure the TE based on output-orientated measure in single-input and multi-outputs which is
named OSM model. The OSM model will calculate the TE devoid of these OSE effects. If there is a
difference in the TE scores when we conduct both OSS model and OSM model upon the same DMU
respectively, it indicates that DMU has output structure inefficiency. The OSE can be measured by the
difference of these two TE scores.

DEVELOPMENT OF MODELS

Estimating the production frontier by constructing a nonparametric linear convex was proposed by
Farrell. Charnes et al. (1978) proposed the model which was named CCR model under constant returns to
scale (CRS) assumption. Banker et al.(1984) proposed the model which was named BCC model under
variable returns to scale (VRS) assumption. These two models can be used to measure the TE, “pure” of
TE, and scale efficiency. The research thinks about TE which is under CRS assumption.

OSS Model

We develop OSS model using single-input( X ) to produce single-output (Y'). Under CRS assumption,
the production function is showed as the curve of Y=f(X) in Fig. 1. To point P, the technical

inefficiency can be represented by the distance PP, . That is, the amount by which output could be
increased without requiring extra input. The TE of the DMU is most commonly measured by the ratio
DP/ DR, .

Assume there is data on single-input and single-output on each DMU. For the i-th DMU these are
represented by Xi and Yi, respectively. The 1xN input matrix, X, and the 1xN output matrix, Y, represent
the data of all N DMU’s. The purpose of DEA is to construct a non-parametric envelopment frontier over
the data points such that all observed points lie on or below the production frontier. Given the CRS
assumption, this can also be represented by a unit production possibility curve. For each DMU we would

like to obtain a measure of the ratio of single-input over single-output, such as VXi/UYi, where v is a
coefficient of input weight and u is output weight. To select optimal weights we specify the mathematical
programming problem:

min,, , (vX;/uY;)
st vXj/qu 21,j=1,2,...,N,
v,uzo 1

This involves finding values for u and v, such that the input and output ratio of the i-th DMU is
minimized, subject to the constraint that all the input and output ratio must be greater than or equal to one.
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This particular ratio formulation has an infinite number of solutions. To avoid this one can impose the

;=1

constraint , which provides:

min ;. vX;)
st my; =1,
3 X-g Y20, j=1.2,., N,
3§20 2

This form is known as the multiplier form of the linear programming problem. Using the duality in linear
programming, one can derive an equivalent envelopment form:

max; ,/ ,
st X, -X/20,
-JY, +Y/ 20,
/20 3

Where ¢ is a scalar and A is a Nx1 vector of constants. This envelopment form involves fewer constraints
than the multiplier form(1+1<N+1), and hence is generally the preferred form to solve. The value of ¢
obtained will be the TE for the i-th DMU. It will satisfy ¢ 1, with a value of 1 indicating a point on the
frontier and hence a technically efficient DMU. The linear programming problem must be solved N times.
A value of ¢ is then obtained for each DMU. It can be expressed by distance function:

TEo,CRs(XvY) = do,CRS(X’Y) 4

And, it will take a value between zero and one. A value of one indicates that the DMU is fully technically
efficient in OSS model under CRS assumption.

0¢TE, rs(X,Y) €1

5
v 4 Y=f(X) vIA
Z
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Fig.1. Technical efficiency insingle-input and single ~ Fi9.2. Technical efficiency insingle-input and two-

output in output-orientated measure under CRS outputsin output-orientated measure under CRS
assumption assumption
OSMModel
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In order to analyze the OSE, we develop the OSM model using single-input( X ) to produce multi-output(
y ) under CRS assumption. Assume there is a DMU which uses single-input( X ) to produce two outputs

Y1 and Y2. The production function is showed as the unit production possibility curve of y = f(X) in
Fig. 2, . the technical inefficiency of the point P can be represented by the distance QPthat is, the amount
by which output could be increased without requiring extra inputs. The TE of the DMU is most

commonly measured by the ratio OP/OQ.

Assume there is data on single-input and M outputs on each DMU. For the i-th DMU these are
represented by Xi and vi, respectively. The 1xN input matrix, X, and the MxN output matrix, y, represent
the data of all N DMU’s. The non-parametric envelopment frontier can be represented by a unit production
possibility curve. For each DMU we would like to obtain a ratio of single-input overall outputs, such as

T
vXilu Yi, where v is a coefficient of input weight and u is an Mx1 vector of output weights. To select
optimal weights we specify the mathematical programming problem:

min,, (VX;/uTy;)
st vXju'ly;21,j=12,..,N,

v,u20 6
To avoid an infinite number of solutions one can impose the constraint ”}ryi = l,
min ;. vX;)
st  my, =1,
T -
3 X-£'y;20, j=1.2,.,N,
3§20 7

Using the duality in linear programming, an equivalent envelopment form is:

max, , f,
st X;-X/ 20,
-fy; +y/ 2 0,
/20 8

Where ¢ is a scalar and A is a Nx1 vector of constants. This envelopment form involves fewer constraints
than the multiplier form(K+1<N+1). The value of ¢ obtained will be the efficiency score for the i-th
DMU. It will satisfy ¢ 1. The linear programming problem must be solved N times. A value of ¢ is then
obtained for each DMU. It can be expressed by distance function:

TEo,CRs(X , y) = do,CRS(X’ y) 9

And, it will take a value between zero and one. A value of one indicates that the DMU is fully technically
efficient in OSM model under CRS assumption.

¢ TEO,CRS(X’ y) ¢1 10
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Under CRS assumption, the convex hull which formed in OSM model envelops the data points more
tightly than the convex hull which formed in OSS model, and thus provides the technical efficiency
scores obtained from OSM model which are greater than or equal to those obtained from OSS model. It
has,

TEO,CRS(X’ Y) 2 TEO,CRS(X’Y) 11
OGS Mode

To evaluate the OSE, we conduct both OSS model and OSM model upon the same DMU. The OSE could
be defined as the ratio of TE scores of OSS model over OSM model, which is most commonly measured
by the distance function.

TEcrs(X,Y) _ docrs(X.Y)
O e =
s TEcrs(X,Y)  docrs(X,Y) 12

According to the Formulae (5), (10), (11) and (12), we can draw the conclusion that the OSE will take a
value between zero and one. It is showed by,

0 ¢ OSE, s ¢ 1 13

A value of one indicates that the DMU is fully efficient in output structure. The value is closer to one, the
output structure is more efficient. The OSE can provide empirical basis for optimizing output structure to
improve efficiency.

Transfer the Formula (12), we can draw the conclusion that the TE in OSS model can be decomposed into
the TE in OSM model and the OSE in OOS model.

TEo,CRS(XvY) = TEO,CRS(X’ y)3 OSE crs 14

CONCLUSIONS

The research develops a model using the DEA approach to measure output structure efficiency (OSE)
based on output-orientated measure in output structure (OOS Model). The OSE is defined as the ratio of
the TE scores of OSS model over OSM model. And, the TE score in OSS model can be decomposed into
the TE score in OSM model and the OSE score in OOS model.

The OSE score takes a value between zero and one. The value is closer to one, the output structure is
more efficient to the DMU. The efficiency can be improved by optimizing output structure according to
the OSE score.

The output structure efficiency theory could be introduced into the field of energy and could be used to
measure the industrial structure efficiency of energy while we choose industrial structure as output
structure. It will provide empirical basis for optimizing industrial structure with a better composition to
improve energy efficiency.
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ABSTRACT

Seaport terminal compels sharing its complexities with other industries. It is an integrated place where cargo moves
from gate util load onto vessel and vice versa. It represents a systematic lean supply chain in a terminal. The study
aims at assessing seaport risk via Slack Based Measure (SBM) and Super Slack Based Measure (SSBM) from
potential risk of Malmquist Productivity IndgMPI). The inefficient result of MPI denotes potential risk to be
considered then, risk assessment denote from Super Slack Based Measure of risk ranking order. The technical
results depict the significant value of risk assessment as an indicator setgtogt and facilities are measureable.

Thus, systematic decision making approach can be applied in running terminal operation. These operation activities
contribute significant outcome towards terminal performance.

Keywords Seaport, Malmquist Productivityslackbased measure, Lean Supply Chain, Risk Assessment

INTRODUCTION

Shipping related industry, especially with regard of container terminal is a complex industry to be
analysed. However, these complexities are measureable in terms of the process flow that includes
management, equipment, organisation, engineering and maintenance. The challenging economic climate
is not the reason for these industries to lower down their productivity, efficiency, and performance. But,
the scenario is a step to optimise available resources to sustain in the industry.

Lately, the awareness of container terminal operators in modernising its terminal is undeniable. It comes
with the dynamic growth of shipping related industry. The developments are associated with risk factors
in ensuring integrity of terminals. Therefore, this paper is an attempt in applying Data Envelopment
Analysis (DEA) in measuring risk at container terminal, based on the success of this technique in
financial and banking institution (Pastor, 1999; Settlage and Preckel, 2002; Davutyan and Kavut, 2005;
Chang and Chiu, 2006 and Settlage et al, 2009).

In what follows, section 2 review related studies on DEA at container terminal and operational risk.
Section 3 then provides research methodology applies for this paper. Its follow with section 4 for the
analysis and finding. Section 5 concludes the paper.

RELATED STUDIES ON CONTAINER TERMINAL AND RISK

The demands for container movements from international trades require greater efficient maritime
industry. Seaports need to invest in new technologies and facilities in order to meet these demands. The
greater the size of vessel, the larger the facilities are required to accommodate such vessels.
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There are numerous DEA researches in container terminal. Roll and Hayuth (1993) the pioneered
attempts in this area. Since that, there are significant numbers of researches in container terminal
efficiency and productivity kasypi and Shah (2013a; 2013b) and Kasypi et.al (2013c)

RESEARCH METHODOLOGY

The equation for Malmquist productivity catch-up and frontier-shift mathematically express as follows
Cooper et al., (2007):

Catch-up = M (1)
d(x, y)"
. ) . , 12
Frontier-shift = gdl((x"’ y)) X dx; y) S (2)

gdz((xo, yo)l) &XD’ yo)2 H
In addition, Caves et al, (1982) define a Malmquist productivity index to a single technology ft (in (3))
and f“l(in (3)), considering n DMUs in time period t that use inputs x'i RT to produce outputs
yll' R . as follows:
_ d;(xtﬂl y )
d(x.y)
d::l(xl -1’ y )
d:l(xt’ y)

t
o

@)

M!+1 =

o

(4)

Table 1.Selection of inputs and output

Inputs Output

X1: Total terminal area M? (TTA) Y1: Throughput (TEU: 000) (T)
X2: Maximum draft in meter (MD)

X3: Berth length in meter (BL)

X4: Quay crane index (QC)

X5: Yard stacking index (YS)

X6: Vehicles (V)

X7: Number of gate lanes (GL)

PRODUCTION POSSIBILIT Y SET FOR RISK ASSESSMENT

The risk factor which can be derived from production possibility set (PPS) is determined by the distance.
The outcome of super SBM is derived by deleting the efficient DMU from production possibility set
(PPS) and measure the distance from the DMU to the remaining PPS. Consequently, if the distance is
small, the supper efficiency of the DMU to be set as lower as the DMU marginally outperforms other
DMUs and vice versa. Super SBM utilised the SBM outcomes and those efficient ranking order in SBM
is been set to be super efficient under PPS super SBM.
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Conversely, the Non-radial and Non-oriented SBM and Super SBM under M1 are also suitable to measure
risk as radial approaches of Malmquist Index (MI) are suffer from neglecting the slacks. The SBM and

Super SBM models used to compute o hw are represented by the following fractional
programmes (Cooper et al., 2007).

[SBM]

dS?éx y) 8mir)n% Laf g

.y i=1 =

ay ()
¢ s 7
Subjectto p =B w Q pB hp @ B _& "Q pBnARwherelL Q_

W
Yand_ ™ mh 8
[Super SBM]

ay ©

~.

Subjectto p & =B © Q pBR hp ©w B ® Q pBAwhereL Q_ Y
and_ mh mh T8
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Figure 1: Window constant return to scale for terminal efficiency

Figure 1 depicts the window analysis for variable return to scale. By using variable return to scale, CP
container terminal managed to secure efficient terminal for 8-years (2003-2010). The container terminal
is DJ (2005-2008) score with efficient = 1. In addition, average for length of window from 2003 to 2010
are managed to achieve 0.9 efficient score i.e., 2003 (0.990015), 2004 (0.969403), 2005 (0.983695), 2006
(0.994927), 2007 (0.993695), 2008 (0.996383), 2009 (0.974533) and 2010 (0.99706).

Analysis for Malmquist Productivity Index
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The Malmquist index is based on 7 years to years periods of time that reflect different aspect of
productivity. Tabulation of results exhibit overall productivity are still positive even year pairs of 2007-
2008 show slightly weak productivity for constant return to scale. The year pairs are in line with
indication from the external factor i.e., global economic problem impact local container terminal
productivity. However, positive indication means activities within particular container terminals are at
active momentum in serving clients demand.

The highest year pairs (progress) for mean and standard deviation constant return to scale goes to 2005-
2006 where mean for MPI, catch-up and frontier shift are 1.160, 1.135 and 1.027 respectively where as
standard deviation at 0.264, 0.280 and 0.047 respectively. On the one hand, the regress pair for
productivity change goes to 2007-2008 where the mean regress 0.93 (MPI), 0.955 (catch-up) and 0.973
(frontier-shift). Similarly to standard deviation also depicts the lowest 0.155 (MPI), 0.16 (catch-up) and
0.011 (frontier-shift).

Table 2: Productivity change contaner terminal from 2003 to 2010

Index decompaosition Index decomposition
- MPI Catch Frontier o MPI Catch Frontier
o - o -
= -up -shift = -up -shift
o N 48 48 48 o N 48 48 48
2003- Mean 1.054 1.006 1.043 2007- Mean 0.930 0.955 0.973
2004 Max 1.321 1.259 1.271 2008  Max 1.038 1.080 0.991
Min 0.615 0.694 0.886 Min 0.623 0.640 0.961
Std. Dev 0.237 0.182 0.139 Std. Dev 0.155 0.160 0.011
2004- Mean 0.983 0.928 1.058 2008- Mean 1.013 1.112 0.918
2005 Max 1.162 1.185 1.144 2009  Max 1.344 1.606 0.982
Min 0.587 0.582 0.958 Min 0.837 0.944 0.836
Std. Dev 0.224 0.204 0.0732 Std. Dev 0.182 0.252 0.051
2005- Mean 1.160 1.135 1.027 2009- Mean 1.126 0.996 1.128
2006 Max 1.663 1.650 1.090 2010  Max 1.282 1.107 1.158
Min 0.935 0.903 0.950 Min 0.938 0.871 1.076
Std. Dev 0.264 0.280 0.047 Std. Dev 0.134 0.091 0.034
2006- Mean 1.027 1.197 0.961
2007 Max 1.244 2.354 1.237
Min 0.949 0.890 0.419
Std. Dev 0.110 0.568 0.279

Figure 2 represents SBM input-oriented constant return to scale express either efficiency is able to
achieve. The notation SBM and general DEA i.e., CCR postulate similar meaning of efficiency (i.e.,
SBM inefficient = CCR inefficient). Therefore, the definitions of efficient and inefficient are mutually
exclusive. Thus, Figure 2 represents such as DMUs = 1 i.e., AW03, EPP10, CP04 etc. On the other
hand, those DMUs < 1 elaborate that particular DMUs are inefficient.
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Fig. 2. Slacksbased measure input oriented constant return to scale

On the one hand, if the distance is wide, super efficient would be high as compared to the remaining
DMUs i.e., AW10 (row 6; SBM) 1, it set the rank order to 2 (1.076) under SSBM - lower risk mitigation
than using SBM (row 6: efficient 1). It means, the operational risk for the container terminal (AW10) is
significantly lower to produce higher outcome for the terminal operator. Hence, by undertaking risk
(SSBM) it will be able to produce better risk mitigation to the terminal performance. The SSBM is
undertaking the PPS distance to produce optimal value. Table 2 represents SSBM constant return to scale
ranking order.

Table 2. Super slackhased measureénput constant return to scale ranking order

No adjusted risk No adjusted risk No adjusted risk
DMU Rank Score DMU Rank Score DMU Rank Score
AWO03 1 1.20766 DJ08 18 1.000638 AWO04 35 0.653882
AW10 2 1.076082 EPP10 19 1.000601 EPP0O6 36 0.644998
CP04 3 1.075129 DJ04 20 0.957937 EPP0O9 37 0.612313
DJO7 4 1.04038 CP08 21 0.932089 EPP0O3 38 0.600884
CP06 5 1.036851 DJ10 22 0.899244 EPP08 39 0.585104
DJ05 6 1.035432 DJ03 23 0.892278 EPPO5 40 0.563758
CP09 7 1.028273 BNO8 24 0.890703 FK10 41 0.477331
CP0O7 8 1.025158 DJ09 25 0.863498 FKO06 42 0.421271
DJ06 9 1.024109 AWO06 26 0.846934 FKO7 43 0.403913
BN10 10 1.023772 BN09 27 0.829051 FK09 44 0.388923
EPP04 11 1.023308 BNO7 28 0.818042 FKO08 45 0.388558
CP03 12 1.0228 BNO5 29 0.800949 FKO04 46 0.364376
CP10 13 1.016199 AWO09 30 0.800066 FKO05 47 0.353458
AWO08 14 1.014045 AWO05 31 0.759697 FKO03 48 0.317869
AWO07 15 1.011972 BNO4 32 0.753037 Average 0.8109
CP05 16 1.006943 BNO3 33 0.725659
BNO6 17 1.001925 EPPO7 34 0.709628

As far as the lowest rank order is concerned, the distance PPS between SBM and SSBM do not affect
risks measure much. As discussed earlier, if the efficiency is low (< 1), the supper efficiency is set to be
low as well. It also reflect SBM, as the lowest SBM rank order (FKO3 — 0.3178; rank order 48) and
SSBM (FKO03 — 0.3178; rank order 48) is technically reflect the lowest rank order for super SBM. It
means, that those inefficient container terminals are technically reflect the higher number of risk. On the
operational sites, FK container terminal is representing small terminal in throughput and the operational
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activity. The possibility of operational risk and the risk that is high such as equipment break-down,
safety, security etc. FK terminal is a multipurpose port; therefore, management prefers to focus on
profitable division such as chemical section.

CONCLUSIONS

This paper concludes that measuring operational risk by using SBM and SSBM show significant result
between data collected and actual scenario. This research is an approach of using SBM and SSBM in
measuring risk assessment at container terminal. From the approach, it shows that ranking technique is
sufficient to portray assessment of risk at container terminal. By having this, management is able to take
preventive measures for further operational strategies. Even though this research provides significant
outcome for terminal operators, further details on the numerical aspect need to be done for better
outcome.
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ABSTRACT

The main contribution in this paper is to presentadternative approach to implementsacond stage adjustment of

DEA scores. The traditional second stage approach is to use a regression, Tobit or OLS, with the DEA scores as
dependent variable and the observed environmental variables as independentegarTdi@ alternative approach
presented here utilize more of the information from the first stage in order to provide better estimates of the impact

of heterogeneity. The dependent variable in the second stage regression is the DEA scores from the,fiost sta

bias corrected using bootstrapping. Further, the independent variables are the difference in values of the
environmental variables for eacbSO a n d i ts corresponding target uni t .
environmental variables usingthe peed envi r onment al variabl es iohdnédi pl i ed
from the first stage

Keywords DEA,; second stage analysis; heterogeneadtectricity distribution regulation

INTRODUCTION

Norway has 138 distribution system operators (DSOs), whereof 121 are included in this study. The DSOs
are institutional monopolies that are regulated by the Norwegian Water Resources and Energy Directorate
(NVE). One of NVEs mandates is to promote cost-effective DSOs, and this has been done since 1997
using revenue cap regulation. Until 2007 a CPI-X approach was used, and Data Envelopment Analysis
(DEA) was from 1998 used to set each DSO’s X-factor (annual efficiency requirement). Since 2007, the
revenue caps have been fixed using a hybrid model based on 60 per cent yardstick and 40 per cent cost
plus. DEA has since then been used to determine the yardsticks for each DSO (NVE 2006a, 2006b).

The DSOs face a wide variety of operating environments. Examples are urban areas which are densely
populated and with high costs due to underground cabling; coastal areas with strong winds and salt dust;
mountainous areas with hazards, landslides and low accessibility to lines; and inland areas with rapidly
growing forests and heavy snowfalls. These factors clearly have an impact on the cost of providing
electricity services, and NVE is obliged to consider them when determining the yardsticks of the DSOs.
Since the efficiency scores are used to distribute a fixed amount of revenues between the DSOs, the
impact of these factors should neither be overestimated nor underestimated. From 2007 this has been a
major issue when developing the benchmarking models.
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Until 2002, no environmental factors were taken into consideration due to lack of relevant data. In 2002 a
simple proxy variable for operating environment was established and included in the DEA model. In 2006
NVE established a numerous amount of environmental variables based on analysis using its Geographical
Information System (GIS), and several environmental variables were implemented in the DEA model
from 2007 (NVE 2006a, 2006b).

Until 2010, the environmental variables were included in the DEA model as outputs. Since this approach
heavily overestimated the impact of the operating environment on the costs for several DSOs, NVE
explored the possibilities of introducing weight restrictions. Bjgrndal, Bjgrndal and Camanho (2009)
suggested using virtual weight restrictions to limit the maximum joint impact the environmental variables
could have on the DEA scores. Due to the lack of information on setting these virtual weights, NVE
decided to use a two-stage model from 2010 (NVE 2009). The new two-stage model presented in this
paper was implemented in 2013.

In the first stage we use a DEA model with total costs as input, and three outputs. These outputs relates to
network structure and demand, and represent the main cost drivers that are common for all DSOs. The
second stage is a regression model that adjusts the DEA scores from the first stage for five environmental
factors (NVE 2012a, 2012b).

We compare the results from four different approaches: a base model with no environmental variables
(model 0), include all environmental variables in the DEA model (model 1); the traditional two-stage
DEA model (model 2); and the new two-stage DEA model applied in Norway from 2013 (model 3). We
argue that model 3 is the better one of these approaches.

METHODS

The applied DEA model comprises one input and three outputs, measured as the average over the last five
years. The input is total cost, comprising operating and maintenance costs (O&M), cost of power losses,
costs of energy not supplied (CENS) and capital costs. We adjust the annual O&M for inflation by
applying a consumer price index for services with wage as a dominant price factor. We measure the cost
of power losses as the average physical losses in MWh multiplied with the Elspot price for the relevant
price area at Nord Pool Spot. CENS express the customers’ costs in the event of power outages, and is
included in the model in a way that is consistent with the overall model for economic regulation of the
DSOs. We adjust CENS for inflation by applying a standard CPI.

The capital costs comprises depreciation and a reasonable return on assets (RoA). Depreciations are linear
over the assets lifetime. We calculate the RoA as the book value of tangible assets plus one percent for
working capital, multiplied with the WACC (weighted average cost of capital) determined by the NVE
(Langset and Syvertsen 2013). Using these capital cost measures in DEA impose bias in the yardsticks
due to differences in the age of the DSOs assets, but we take care of this in the overall model for
economic regulation of the DSOs.

The output variables are the number of customers, the length of the high voltage (HV) network in
kilometers and the number of substations. These outputs relates to network structure and demand, and
represent the main cost drivers that are common for all DSOs. The number of customers is a volume
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measure, which is very highly correlated with energy supplied that we omitted from the model from 2013.
The length of the HV network is a proxy for the transport distance, which probably is the strongest single
cost driver. The number of substations, transforming power from HV to LV lines, is mostly a structural
variable talking care of the differences in population density. In densely populated areas, you can serve
many customers through one single substation, whilst in the least populated areas the DSO may have only
one customer behind a substation.

We derived the geographic variables by employing GIS-analysis. The basis for this analysis is data
containing the geographical coordinates of the network for each DSO. We combine the geographical
network data with several thematic maps, which describes the conditions in which the network is located.
By applying this technique, we have produced numerous environmental variables that we tested in the
model.

The following geographical variables past the tests and was included in the current DSO model: Share of
underground lines in a DSO's HV network (HV underground); share of overhead high voltage lines
through fast-growing coniferous forest (Forest); average distance between a DSO’s power lines and the
nearest road in meter (Distance to road); a composite variable including installed capacity of small scale
hydro power plants, average slope of terrain, and share of overhead HV lines through deciduous forest
(Geol); a composite variable including (squared) wind speed divided by distance to coast, number of
supplied islands and share of sea cables in the high voltage network (Geo2). We used factor analysis to
derive the composite Geol and Geo2 variables. In order to implement the geographical factors in the
DEA model, we scale the variables by multiplying them with the total length of high voltage lines.

Table 1. Summary of data on input, output and environmental variables

Total Custo- HV Sub- Forest Distance HV Geol Geo2
costs mers km stations to road Under-
ground

N 121 121 121 121 121 121 121 121 121
Mean 95.251 23,015 807 1,021 0.1177 229.2 0.3418 2.1 7
Std.dev 188.718 59,652 1,336 1,905 0.0998 209.9 0.1801 1.4848 1.5081
Min 8.455 1,014 54 59 0 70.4 0.0571 0.0299 0.0693
Median 38.354 6,685 326 370 0.1180 143.2 0.3060 1.6519 0.2635
Max 1,579.060 547,693 8,495 13,491 0.4037 11,0564 0.8641 6.7647 12.8205

NVE uses a DEA model to evaluate the cost efficiency of the DSOs. The model is input minimizing
assuming constant returns to scale (CRS) as in Charnes et al., (1978). By using CRS, NVE give incentives
to the DSOs to operate at the most efficient scale. The LP optimization problem solved for each DSO is
described as:

iy P

s.t

1)
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If there are K inputs, M inputs and | DSOs, e: is a Kx1 vector of inputs of DSO i, and X is a KxI input
matrix of all DSOs. Further, « is a Mx1 vector of outputs of DSO i, Y is a MxI output matrix for all
DSOs, ¥ :-is a Ix1 vector of constants for DSO i, and P::is a scalar describing the efficiency of DSO i. We
refer to this model as Model 0. ”

Different methods have been suggested for adjusting the DEA scores for differences in environmental
variables, and Coelli et al (2005) describe some of them. We present two of them below and introduce a
new method applied on Norwegian DSOs from 2013.

The first approach is a one-stage model that treats the environmental variables similar to the outputs in
DEA. We do this by adding the condition in (2) to the LP problem in (1) and refer to it as Model 1

o Ty @

If we have N environmental variables, »:is a Nx1 vector of the environmental variables of DSO i, and Z
is a NxI matrix of environmental variables for all DSOs.

Even though the one-stage approach has many advantages, it also has some clear disadvantages. Through
many years of experience and discussions with the industry, we found that the one-stage model heavily
overestimated the efficiency of several DSOs. Therefore, we decided to slim the DEA model from 2010
by introducing a two-stage model. We treated the DEA-scores from the first stage as the dependent
variable and the environmental variables as the independent variables in a second stage regression. Both
Tobit and OLS regressions are commonly used. The argument for Tobit is that the efficiency scores have
values between 0 and 1 and a truncated regression as Tobit can take this into account. However, we found
the theoretical foundation of using Tobit regression in this context somewhat dubious, and used OLS.

Banker and Natarajan (2008) used Monte Carlo simulations and showed that the use of DEA in the first
stage followed by OLS in the second stage is appropriate for evaluating the impact of environmental
variables on productivity. In our previous two-stage approach, the DEA scores were corrected using an
OLS regression in the second stage (Ray, 1991). OLS in the second stage can be described as:

Py gt (3)

P is a Ix1 vector of DEA scores from the first stage (1), » is a scalar (constant term), Z is a IxN matrix of
environmental variables, /1 is a Nx1 vector of regression coefficients, and £ is an Ix1 vector of normally
distributed error terms. In Model 2, we correct the efficiency scores from the first stage (1) using the
estimators from the second stage regression in (3) as follows:

P p dg 4)

Simar and Wilson (2007) criticize earlier second stage papers for not considering that the DEA efficiency
estimates are serially correlated. They suggest using bootstrapping in order to reduce this problem. In
Model 3,we apply a more simple bootstrapping approach®, as described in Edvardsen (2004) to reduce

3 Homogeneous smoothed bootstrap with 2000 iterations
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sampling bias in the efficiency scores. In addition, our approach exploits more of the information from the
first stage. In Model 3, the independent variables of the second stage are not the value of the
environmental variable itself, but the differencein the environmental variable for the DSO itself and its
target unit.

To calculate the differences we use the weights from DEA, and _ denotes the weight of DSO j on the
reference set of DSO i. Then %0  _ ®j _ @ is DSO j’s share of the inputs for the target unit of DSO i.
Then we can use %oto find the difference between the environmental variables of each DSO and its target
unit in the following manner:

(®)

If we let &% be an IxN matrix of environmental variables derived from (5), we can replace Z in (3) with &%
to get our model 3. The Ix1 vector of adjusted DEA scores is given by:

P P dj (6)
Results and discussions

Model 0 is the base model. Model 1 — 3 incorporate the impact of the z-variables in different ways. In
Model 1 they are added as additional outputs in the DEA-model. In Models 2 and 3, the z-variables are
used to adjust the results from the base model in a second stage based on OLS. In model 2, the z’s are
regressed as absolute values where the dependent variable is the DEA scores from Model 0. In Model 3,
the differences in z values of each DSO and its target unit from the first stage are regressed against
bootstrapped DEA scores. The results for Model 0 — 3 are presented in table 2:

Table 2 Summary statistics Model Q 3.

Model 0 Model 1 Model 2 Model 3

N 121 121 121 121
Mean 7226 .8609 . 9137 .7696
Std.dev 1250 .1074 1017 .1029
Min 4698 .6261 .7012 5577
P50 7011 .8518 .9060 7670
Max 1 1 1.2066 1
No. of DSOs with 6 > 1 5 22 30 5

From table 2, we see that in Model 0, the mean efficiency is lowest with 0.7226. Only 5 DSO’s have e
result equal to 1, i.e. regarded as efficient. However, based on the introduction, we know that the
operations of the Norwegian DSOs are influenced by a range of z-variables. In Model 1, these are
included as outputs in the DEA-model. It is our experience that model 1 highly overestimates the
efficiency scores of several DSOs. In Model 1, the DSOs are evaluated against other DSOs with equal or
higher values on the z-variables than themselves. As we see, this increase the mean efficiency to 0.8609,
and 22 out of 121 DSOs have a DEA score equal to 1. This is because an increase in the number of
outputs normally will increase the number of efficient DSOs.

In Model 2, all DSOs get an increase in their DEA scores from the first stage, and the size of the increase
depends only on the level of their own z-variables. It is independent of the level of z-variables of their
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peers (target unit). We find that this is not consistent with the fact that the DEA scores are relative
measures of the weighted inputs (costs) of the target unit and the DSO, and that the inputs of both the
DSO and its target unit is influenced by z-variables. The table above shows that this method increases the
mean efficiency to 0.9137, and the number of efficient DSOs increases to 30. In addition, this method
introduces a new kind of “super efficiency” which is different from the traditional super efficiency in
DEA-models. The maximum efficiency in this model is 1.2066. However, this model has the lowest
standard deviation out of the four models.

In Model 3, which has an identical first stage to Model 2, the DEA scores may be either increased or
decreased after the second stage depending on whether the DSO has worse or better operating
environment than its target unit.

The results for model 3 are significantly lower than the results for model 2. The mean is reduced to
0.7696, which is slightly above the mean of Model 0. However, the standard deviation is somewhat lower
than for Model 0.

The number of efficient DSOs is reduced to five, which is the same as for Model 0. Equation (6) ensures
that the peer units, and hence the target units, never will have corrected DEA scores after the second
stage. However, it is still possible with corrected efficiency scores that is higher than 1, if a non-efficient
DSO has far worse operating environment than its target unit. If this occurs, a third stage may be
necessary. In the third stage the inputs (costs) of all DSOs could be reduced according to the information
obtained in the second stage, and the LP problem in (1) could be solved with the adjusted inputs to obtain
DEA scores that is between 0 and 1 for all units, even after taken the z-factors into consideration.

The relatively high differences in the levels of DEA scores between the models are not problematic when
it comes to setting the yardsticks of the DSOs, since the results are calibrated in a way that ensures that
the average unit will have the same yardstick independent of which model that is used. It is the spread in
the results that matters.

Table 3 Correlations between models, efficiency scores and ranking

Efficiency scores Ranking
MO M1 M2 M3 MO M1 M2 M3
Model 0 1.0000 1.0000
Model 1 0.6347 1.0000 0.6503 1.0000
Model 2 0.8135 0.7872 1.0000 0.7941 0.7925 1.0000
Model 3 0.8592 0.8235 0.9385 1.0000 0.8473 0.8349 0.9399 1.0000

Table 3 shows the correlations between the models for both efficiency scores and ranking. Model 3 has
the highest correlations with the both Model 0 and Model 1.

CONCLUSIONS

Based on the regulation of Norwegian DSOs, we show that some of the proposed methods for capturing
the effects of heterogeneity have significant influence on the results from the benchmarking. Based on our
knowledge of this industry, we argue that:
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9 In production processes where z-variables in general influence the inputs and/or the outputs, this
heterogeneity has to be addressed.

9 Based on our experience including z-variables in the DEA-model (Model 1) is highly
overestimating the efficiency of several DSOs.

9 A second stage analysis based on the absolute levels of each DSO’s z-variables (Model 2) gives
higher efficiency scores, but we find it dubious to omit the information about the z-variables
impact on the inputs of the peers.

9 The second stage model should utilize more of the information from the DEA-model. By using
the relative weights from DEA, it is possible to get more information about the target unit that is
the basis for the DEA-result. With proper data, we show that it is possible to estimate the level of
the z-variables for this target unit. In our view, this method (Model 3) gives more reliable
efficiency estimates under heterogeneous production processes.
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ABSTRACT

In todaybés competitive wor | dtp business puciessrfor indadtriescand fioms. i s b
Robust methods are required to evaluate and select qualified suppliers. Regarding to the literature, the hybrid Data
Envelopment Analysiartificial Intelligence (DEAAI) models are the effective models to asse t he suppl i e

performance. This paper proposes an integrating Kourosh and Arash Model (KAM) in DEA and Adaptive Fuzzy
Inference System (ANFIS) as a powerful tool in prediction to estimate the supplier efficiency scores. This hybrid
model consists ofwo parts. First part applies KAM to determine a best technical efficiency score for each supplier.
Second part utilizes t he supplierséd performance scor
performance. The proposed model implemented in aet@simdustry, too.

Keywords DEA; KAM; ANFI S; Suppliersdéd Efficiency; predicti

INTRODUCTION

Supply chain management (SCM) is a process of planning, implementing, and controlling the operations
of the supply-chain network catering to the requirements of customers (purchasers) as efficiently as
possible (Bhattacharya, Geraghty et al. 2010). SCM includes several parts such as Customer Relationship
Management, Supplier relationship management, Demand management, Order fulfilment, Manufacturing
flow management, Product development and commercialization, supplier selection, robotic automation
and so on. In recent decades, the issue of supplier selection has been focused by so many researchers as a
part of SCM. Supplier selection is a very complex process with criteria such as quality, cost, delivery
and service (Humphreys, Wong et al. 2003, Guneri, Yucel et al. 2009, Omurca 2013). Therefore, various
methods have been introduced to improve the supplier selection process such as Multi-Criteria Decision
Making (MCDM) techniques, DEA, Mathematical Programming (MP) etc. Since the proposed
approaches have some limitation, researchers tried to integrate the methods for improving the process of
supplier selection.

Based on the literature, combining DEA with artificial intelligence approaches obtains appropriate
performance. For example, Wu (Wu 2009)proposed a hybrid method using DEA and Artificial Neural
Networks (ANN) to assess the suppliers’ performance. In that paper, CCR and BCC as the two famous
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models of DEA were integrated with Multi-Layer Perceptron (MLP) to predict the suppliers’ performance
scores. To validate the model, the result was compared with Decision Tree (DT). Ozdemir and Temur
(Ozdemir and Temur 2009)applied DEA-ANN for evaluating suppliers and predicting the suppliers’
efficiency scores. They demonstrated that the hybrid model avoids the long time calculation of DEA and
calculates the suppliers’ performance precisely even with the small sized data set. Shi et al(Shi, Bian et al.
2010) applied DEA-ANN model for selecting the suitable logistic suppliers. The CCR model was
employed for calculating the efficiency and then using Back Propagation ANN was used for estimating
the efficiency. The result revealed that the model is able to rank the 22 logistic suppliers and select the
best one. Celebi and Bayraktar(Celebi and Bayraktar 2008) proposed a new approach of combination of
DEA and ANN. They tried to cope with the limitation related to the homogeneity and accuracy
assumptions of DEA using ANN. Kuo et al(Kuo, Wang et al. 2010) extended the Celebi and Bayraktar
paper by adding MCDM technique to the model. The proposed model is called ANN-MADA used for
supplier selection. The result represented that the ANN-MADA functions better than ANN-DEA.

Although CCR and BCC have been successfully combined with ANN in supplier selection, these models
have some drawbacks. CCR and BCC classified suppliers into two classes which are technically efficient
and inefficient. But they assign the same scores to technically efficient suppliers(Khezrimotlagh, Salleh et
al. 2013). On the other side, ANN is not very accurate in comparison with other Al-based models such as
ANFIS and its deviation is high from the reality while using small sample sized data set. In this paper, to
overcome the weaknesses of previous DEA models, KAM as a robust DEA model is used to evaluate the
suppliers’ performance more accurate and is integrated with ANFIS as to find a high accuracy predictive

structure for the suppliers’ efficiency.

METHODOLOGY
This section contains a brief description of the methods that have been used in the model and the
proposed model.

Kourosh and Arash Model (KAM)

Khezrimotlagh et al. (Khezrimotlagh, Salleh et al. 2013) recently proposed a more robust technique based
on the additive DEA model. The KAM improves DEA in assessment production, benchmarking and
ranking of DMUs. KAM can distinguish between technically efficient DMUs with very small errors
(Khezrimotlagh, Salleh et al. 2013). In addition, the efficiency of DMUs with both integer and real values
are computed. Equation 1 show KAM Variable Returns to Scale (VRS), where O0 "Yoho is under
evaluation. Further more information refer to(Khezrimotlagh, Salleh et al. 2013)

Gho® 01 B 0 i, N
Subject to

B _® i o - FQéN pitfsh,

B _® i o - AQ¢D plefsm,

w i m'Qe'Q plghs h,
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Adaptive Neuro Fuzzy Inference System

ANFIS was first introduced by Jang in 1993. ANFIS contains five layers(Jang 1993) for function
approximation (shown figure 1 with two inputs x and y): a fuzzified layer; product layer; normalized
layer; defuzzified layer; output layer.

Laver 1 Laver 2 Laver 3 Laver 4 Laver S

K —>
—

“

Figure 1: A simple structure of ANFIS.
Layerl. Every node in this layer is an adaptive node with a node function.

0r * oh Q pk @)
og wh Q oh (3)
Where x and y are assumed to be the input nodes, A and B are the linguistic labels, * and * are the

membership functions for 0 “&hd & "fuzzy sets, respectively, and U jis the output of the node i in the first
layer. In ANFIS, Bell function is usually used as a membership function.

o —— @

ofchand Gare assumed the premise parameters respectively.

Layer 2. In this layer the firing strength of each rule is determined through multiplication:

0r 0 * @ oh Q pk (5)
Layer 3: Every node in the third layer, as the normalized layer, computes the ratio of the ith rule’s firing
strengths to the sum of all rules’ firing strengths.

In this layer the calculation of the ratio of
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6f O —h Q plt (6)
Layer 4: In this layer every node i is adaptive with a node function.

Op 0Q 0 A QU i h Q pit (7
Where0 is the output of layer 3 and linear ), 1} andi are referred to as consequent parameters.

Layer 5. In this layer the overall output of ANFIS is computed as the summation of all incoming signals.

6r BOQ 2 0 plt (8)

ANFIS uses an integrated learning rule algorithm which applies back propagation algorithm for the
parameters in Layer 1 and the least square method is utilized for training parameters(Ho, Lee et al. 2002).

The proposed model

The integrated model contains four sections including data collection, calculating the efficiency using
KAM, training ANFIS to find the best structure and testing for validating the trained ANFIS structure.
The first step to evaluate the suppliers is determining the selection criteria and measuring them. For
determining the importance of each criterion triangular fuzzy number and for converting the fuzzy
numbers to the crisp numbers Graded Mean Integration (GMI) representation method(Chen and Hsieh
1999) (equation 9) are used respectively. Table 1 shows the linguistic variables for measuring the
attributes.

re —— 9)

Table 1: The linguistic variables

Output Input
Very low (VL) 0,1,3) (7,9, 10)
Low (L) 1,3,5) (5,79
Medium (M) (3,5, 7) (3,5, 7)
High (H) (5,79 (1,3,5)
Very high (VH) (7,9, 10) 0,1,3)

KAM as a robust DEA model is employed to calculate the suppliers’ efficiency. This data set is used as a
new dataset for ANFIS. In this step, for finding the best structure of ANFIS, the dataset obtained by KAM
is separated into two parts for training and testing. In the training part the goal is to find the most
appropriate structure of ANFIS for approximating the suppliers’ efficiency and in the testing part, the
accuracy of the trained ANFIS structure is validated. Note that Mean Square Error (MSE) and Mean
Absolute Error (MAE) are statistic factors to evaluate the training accuracy and testing accuracy of
ANFIS in comparison with the real efficiency achieved by KAM.

CASE STUDY

We used a real case study show the power of the model. The company produces cosmetic products. Since
the company manufactures more than 80 types of products, there is a main requirement to assess the
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suppliers’ performance and find the most efficient supplier. In this survey, Quality (Q), Delivery (D) and
Service (S) were selected as the outputs and Cost was selected as the input. After determining the criteria
the next step is to collect the dataset using table 1 and equation 9. Then, KAM was used for computing
the suppliers’ efficiency Table 2 presents the efficiency obtained by KAM.

Table2: The data set related to the suppliersd efficiency
Supplier Efficiency Supplier Efficiency Supplier Efficiency Supplier Efficiency

1 0.89565 6 0.88145 11 0.68126 16 0.95478

2 0.76235 7 0.0.932 12 0.79852 17 0.90258

3 0.99369 8 0.81259 13 0.97036 18 0.92999

4 0.96897 9 0.71856 14 0.76987 19 0.99874

5 0.90036 10 0.69741 15 0.66015 20 0.93569

To find the best structure, 70 percent of the data set (related to the efficiency) was selected for training of
ANFIS. The best structure of ANFIS is shown in table 3. Table 4 presents the estimated efficiency by the
ANFIS model and figure 2 depicts the accuracy of the model in comparison with the actual efficiency
(including MSE, MAE).

Table 3:The best parameters of the ANFIS algorithm.

Parameters Setting
Epoch 1000
Generate FIS Grid partition
Error Tolerance 0
Optim method Hybrid
MF type for inputs Trimf
MF type for output Linear
Number of MF to each input 3

Table 4: the efficiency computed by the model

Actual ANFIS Actual ANFIS
0.89565 0.82369 0.81259 0.78413
0.76235 0.80024 0.71856 0.72000
0.99369 0.96587 0.69741 0.70938
0.96897 0.99365 0.68126 0.70917
0.90036 0.89741 0.79852 0.81236
0.88145 0.90003 0.97036 1
0.90326 0.90330 0.76987 0.69804

To validate the prediction power of the model, the 30 percent remained of the model was used as a dataset
which is out of the training dataset. Table 5 presents the predicted suppliers’ efficiency scores and figure
3 visualizes the precision of the model in prediction.

Table 5: The predicted efficiency

Actual Predicted
0.66015 0.60258
0.95478 0.97784
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Figure 2: Evaluating ANFIS-based accuracy Figure 3: Evaluation the predictive power of the model

RESULT AND DISCUSSION

This study has combined the KAM as a robust DEA model to cope with the problems of CCR and BCC
with ANFIS as a powerful predictive tool to cope with the drawbacks of ANN for analyzing suppliers’
performance. Result shows that the integrated model is very precise in predicting the suppliers’ efficiency
and using this ANFIS-based model the managers of the company can calculate the efficiency with new
dataset.

CONCLUSION

This paper has proposed KAM-ANFIS to improve the previous proposed integrated DEA-AI models of
supplier selection. Although CCR and BCC are two famous but have some restriction. To determine the
efficiency more accurate KAM was used in this paper. Since the process of the supplier efficiency using
DEA needs knowledge and time to overcome this problem in the previous papers ANN was used. On the
other hand, ANN is low accuracy in training. In order to cope with this problem ANFIS an powerful tool
was used. The result of the integrated model reveals that the integrated model can determine the
efficiency with high accuracy.
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ABSTRACT

Using original survey data from France we study ittn@ortance of technical efficiency as a potential determinant

of farm conversion to organic farming in the dairy sector. We run astage analysis. In the first stage we

calculate technical efficiency of farms when they were conventional (includingiofgems before they convert) as

well as technical efficiency change indices, using Data Envelopment Analysis and correcting for sample bias with

Si mar and Wi lsonbés bootstrapping procedur e. I n the se
dedsion of farmers to convert to organic farming. The model is estimated on a sample of 209 farmers. We find that
farmers who switched to organic farming were more technically efficient (before conversion) than farmers who
remained conventional, but they hexperienced a slowdown in technical efficiency (also before conversion).

Keywords technical efficiency; farms; conversion to organic farming; France

INTRODUCTION

Environment-friendly practices in agriculture are now widely promoted by governments in developed
countries. In this context organic farming is an appealing alternative to conventional farming. In order to
target the promotion of organic farming, policy-makers are interested in the profile of the farms that are
the most likely to convert from conventional farming to organic farming. Therefore, empirical studies
investigating the determinants of farm conversion to organic farming are of particular interest. The
literature on this issue is particularly rich (e.g. Gardebroek 2003; Genius et al. 2006; Knowler and
Bradshaw 2007; Léapple 2010; Tiffin and Balcombe 2011) and highlights internal factors (e.g. farmers’
education, farm size). However, except for Kumbhakar et al. (2009) and Latruffe and Nauges (2014), the
role of technical efficiency as a potential determinant of farm conversion to organic agriculture has not
been studied.

Technical efficiency (TE) achieved by farms under conventional agriculture may determine whether they
convert to organic agriculture or remain in conventional agriculture. However, it is difficult to draw
hypotheses on the direction of the link. The link may be positive in the sense that more efficient farms
may be more capable of adopting new complex technologies and therefore may be more likely to adopt
organic technology. The link may be negative, as choosing to produce for the niche organic market may
be a survival strategy for technically inefficient conventional farms that cannot compete with highly
technically efficient conventional farms.

The paper investigates empirically this issue of whether TE is a driver of the decision to apply organic
agriculture on a farm, for the specific example of dairy farms in France. We consider the level of TE in
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the year before the decision to convert (or not) to organic farming is taken, as well as the change in TE
between the last two years preceding the conversion.

DATA AND METHODOLOGY

The data used are farm-level data for the period 2006-2010 for 307 dairy farms from North West France.
Among those 307 farms, 233 farms remained in conventional agriculture for the whole period studied and
74 farms switched to organic agriculture at some point during the period. In what follows, and for
ensuring homogeneity in the environmental and economic conditions, we analyze the conversion decision
in the years 2009 and 2010. We thus keep the farmers who converted their farm to organic farming in
2009 or in 2010, along with all farmers who remained conventional over the same period. In order to keep
only one observation per farm, we randomly select the year of observation (2009 or 2010) for the
conventional farms. The final sample used for the analysis covers 209 farms, including 180 conventional
farms and 29 organic farms.

Our research question is investigated with a two-stage approach. In the first stage we calculate TE of all
farms when they were conventional (including organic farms before their conversion). In a second stage
we estimate a Probit model representing the switch, or not, to organic agriculture. The main explanatory
variables of interest in this model are the level of TE and the change in TE in the year preceding the
decision (to convert or not).

In the first stage, TE is calculated with Data Envelopment Analysis (DEA), correcting for sample bias
with Simar and Wilson’s bootstrapping procedure (1998, 2000). In addition, TE change (TEC) is
calculated with Malmquist indices corrected for bias (Simar and Wilson 1999). Yearly DEA frontiers are
constructed under the assumption of constant returns to scale. The DEA model is output-oriented and
includes two outputs and four inputs. The two outputs are the quantity of milk produced (in liters) and the
value of all farm outputs other than milk (in Euros). The four inputs are the agricultural land area (in
hectares), the farm labor (in terms of annual full time equivalents), the value of farm capital (in Euros),
and the cost of intermediate consumption (seeds, fertilizers, animal feed, veterinary cost) (in Euros). All
values were deflated with the consumption price index with base 2006.

In the second stage, the binary dependent variable of the Probit model takes the value 1 if the farmer took
the decision to switch to organic farming in 2009 or in 2010, and O otherwise. Several explanatory
variables are included in the model, based on the existing literature on the determinants of conversion to
organic farming: average milk produced per cow (MILKCOW); gross operating profit per cow (GOP);
number of cows per hectare of pasture area (COWHA); debt ratio (DEBT); whether the farmer was a
member of a farmer union (UNION); whether the farmer had contracted agri-environmental schemes
(AES); and whether a shared machinery cooperative or contract work services for organic production
were available (SHARED). These variables are all measured the year before the decision to convert (or
not) was taken. Our model also includes variables capturing farmers’ opinion about the impact of
agricultural activities on the environment and on famers’ health. More precisely we consider a dummy
variable that takes the value 1 if the farmer thinks that some agricultural production methods can be
environmentally damaging (ENV) and another dummy variable taking the value 1 if the farmer considers
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that there is a high health risk associated with the use of pesticides (HEALTH). We also control for
heterogeneity in soil characteristics using a dummy variable that takes the value 1 if part of the cultivated
area on the farm is in a wetland (WETL), and the soil pH (PH). Finally we control for the year of
observation (2009 or 2010). In addition, as explained above, the TE score and the index of TEC are
included as explanatory variables. For farms remaining conventional during the whole period, we use the
TE score and the TEC index calculated for the year preceding the year of observation. For farms
switching to organic farming in 2009 or 2010, TE and TEC are measured in the year before the year of
conversion to organic agriculture.

Table 1 presents some descriptive statistics of the main variables of interest, separately for the farmers
who remained conventional and for farmers who switched to organic farming. A test of mean equality
was performed for each variable and the outcome of this test is shown in the last column. Farmers who
decided to convert to organic farming were characterized, before conversion, by a higher level of TE, a
lower production of milk per cow, a higher gross operating profit per cow, and a lower stocking rate
(number of cows per hectare). Also, union membership, availability of a shared machinery cooperative, as
well as sensitivity to environmental and health issues, are more common in the group of farmers who
converted to organic farming.

Table 1: Descriptive statistics on the main variables of interest

Farmers Farmers who
who switched to Test of mean
remained organic equality
conventional farming

TE (in level) 0.71 0.78 Fkk
TE change (TEC) 1.08 1.01 n.s.
Average milk produced per cow (MILKCOW); in 1,000 liters 6.95 6.07 Hhx
Gross operating profit per cow (GOP); in 1,000 Euros 0.74 0.89 *x
Number of cows per hectare of pasture area (COWHA) 3.71 1.66 Hhx
Debt ratio (DEBT); in % 52.06 54.28 n.s.
The farmer is a member of a farmer union (UNION); 0/1 0.37 0.59 *x
'Or/hle farmer has contracted agri-environmental schemes (AES); 0.21 0.45 .
A shared machinery cooperative or contract work services for 0.32 0.66 .
organic production are available (SHARED); 0/1 ' '

The farmer thinks that some agricultural production methods 0.54 0.93 .
can be environmentally damaging (ENV); 0/1 ' '

The farmer considers that there is a high health risk associated 051 0.93 .
with the use of pesticides (HEALTH); 0/1 ' '

(F)’/alrt of the cultivated area on the farm is in a wetland (WETL); 0.67 0.62 ns.
Soil pH (PH); ph unit 6.30 6.17 n.s.
Number of farms 180 29

Note: all variables except the last four are measured the year before the decision to convert (or not) to organic farming was taken.
Test of mean equality outcomes reads as follows: *, **, and *** indicate that means in the two groups are statistically different at
the 10, 5, and 1% level, respectively; n.s. is for not significant.

RESULTS AND DISCUSSIONS
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Estimation results (including marginal effects averaged overall observations) are shown in Table 2. The
overall fit of the model is good since the pseudo-R2 is 0.68 and the model predicts conversion (and non-
conversion) correctly in 94% of the cases. Our results show that the likelihood of conversion to organic
farming is driven by (past) TE. Farmers who switched to organic farming were characterized by a higher
TE in conventional farming. A higher gross operating profit per cow is a positive driver of conversion.
These two findings suggest that highly performing farms are more likely to convert to organic farming.
We also find that farms that converted experienced a slowdown in TE the year before conversion. One
possible explanation might be that they had already taken the decision to convert to organic farming and
had started adjusting their practices when they were still in conventional farming. This would be
confirmed by the findings that a lower number of cows per hectare of pasture area as well as a lower
production of milk per cow increase the likelihood of converting to organic farming. Availability of
shared machinery through a cooperative positively influences conversion. Finally our results show that
farmer’s opinion about health hazards related to pesticide use and environmental concern do influence the
decision to convert to organic farming.

Table 2: Probit estimation results (209 observations)

Average

Coef. Std. Err. P>z marginal effect!
Constant 485.348 967.205 0.500
TE (in level) 10.434 3.360 0.002 0.732
TE change (TEC) -7.311 2.680 0.006 -0.513
MILKCOW -0.729 0.224 0.001 -0.051
GOP 1.993 0.658 0.002 0.140
COWHA -0.768 0.235 0.001 -0.054
DEBT 0.003 0.010 0.734 0.000
UNION 0.692 0.462 0.134 0.004
AES -0.032 0.526 0.951 0.000
SHARED 1.874 0.541 0.001 0.048
ENV 1.963 0.733 0.007 0.020
HEALTH 1.053 0.545 0.053 0.007
WETL 0.610 0.518 0.239 0.003
PH -3.155 1.299 0.015 -0.221
Year 2010 -0.232 0.481 0.629 -0.016
Pseudo R2 0.680
LR chi2(14) 114.40 0.0000
Percentage of good predictions 94%

2 Average of marginal effects computed overall observations.

CONCLUSIONS

Using original survey data for a sample of French dairy farmers, we assess the role of (past) technical
efficiency in the decision to adopt organic farming. More precisely we measure technical efficiency of all
conventional farms, including organic farms before they convert, using DEA and correcting for sample
bias. Our results show that technical efficiency is a strong determinant of conversion, and that not only
the level of technical efficiency matters but also the change in technical efficiency. We find that a higher
technical efficiency increases the likelihood of conversion but, conditional on this level, farmers who
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experienced a slowdown in technical efficiency are more likely to switch to organic farming. We expect
that the slowdown in technical efficiency is a consequence of the fact that farmers had taken the decision
to switch to organic farming a few years before actual conversion, and hence had already started to adjust
their practices.
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ABSTRACT

This paper estimates the Technical Efficiency (TE) of both rice and wheat in India separately considering state level
panel data for 1971 to 200809 and taking into account the effect of differ@rftastructural, institutional,
economic and demographic factors. TE is estimated by nonparametric approach of Data Envelopment Analysis
(DEA) using output oriented measure and using singlgput multiple input frameworks. An increase in TE of

both rice and wheat over the sample period is evident. A second stage panel regression suggests that nonlinear
relationship with TE for some of the explanatory variables both in case of rice and wheat. The major variables,
which have positive and statistically sificant relationship with TE, are rainfall, government irrigation,
government expenditure on agricultural research and extension, agricultural loan, rural literacy and share of HYV.
However, agricultural loan is not significant for Wheat. The inequalitythe distribution of operational land

holding negatively influences the TE for both rice and wheat.

Keywords: Technical Efficiency; Indian Agricultural Sector; Data Envelopment Analysis (DEA).

INTRODUCTION

Agriculture is a very important sector in India. In case of rural India, nearly 70% of the population
depends on income from agriculture. Seventy five percent of all rural poor are in households that are
dependent on agriculture. The measurement of efficiency and find out its determinants involves a number
of issues like the effect of rainfall, irrigation, literacy rate, feed management activity, cropping diversity,
openness, etc. These points have been taken up in a number of studies made earlier in the global context
as well as in Indian context [Kalirajan (1981); Kumbhakar and Bhattacharya (1992); Tadesse and
Krishnamoorthy (1997); Mythili and Shanmugam (2000); Shanmugam (2002); Sengupta (2000); Kumar,
Srinivas and Singh (2006);Sengupta and Kundu (2006) ; Ray and Ghose (2014); etc.].

The major contributions of the present study to the existing literature are as follows:

9 The perusal of the literature on efficiency in Indian agriculture suggests that all the studies have used
either farm level data on agriculture for a specific region and year or used data on total food grains
and non food grains production. So the present study has taken this point into consideration and has
done crop-wise and state-wise analysis on Indian Agriculture.

1 For successful implementation of the New Agricultural Policy which was implemented since 2000 the
study on individual crops is extremely urgent, as it will highlight the crops for which the efficiencies
are satisfactory vis-a-vis the crops for which these performance are lacking.

9 Thus the objective of the present study is to estimate the extent of inefficiency by using DEA
approach and measure the effect of different infrastructural, institutional, and demographic factors on
the output efficiency of two major food crops in India, i.e., Rice and Wheat. The justification for

356



considering Rice and Wheat are as follows: India is the major producer of rice in the world and in
case of wheat India’s rank in the world is second. In case of India the share of rice and wheat in total
food grains production has increased from 53% in 1950-60 to 77% in 2001-2009. Not only this, the
share of Rice and Wheat has increased from every decade starting from 1950-60. After 1980’s this
share has increased from 71% to 76% in 1990’s and 77% in the last decade.

METHODOLOGY AND DATA SOURCES:

Technical efficiencies can either be Input oriented or Output oriented. In case of output oriented measure
the TE of a firm can be computed by comparing its actual output with the maximum producible quantity
from its observed inputs i.e. by how much can output quantities be proportionally expanded without
altering the inputs quantities used. In input oriented measure, the TE of a firm can be measured by
comparing its actual input in use with the minimum input that would produce the targeted output level i.e.
by how much can input quantities be proportionally reduced without changing the actual output bundle .

The paper uses the concept of output oriented TE of non-parametric DEA approach following Banker,
Charnes, and Cooper (1984), the output-oriented radial technical efficiency of a firm with an observed
input-output bundle (x°, y°) under the variable returns to scale assumption is obtained as:

&y (2% %) =2, (1)
Where £* = max
st E‘: j__}. }r}.z },l};

J‘II- ]
El A}.x} < prat

YA = 1 where 4;20;G=1,2,...N)

The output oriented technical efficiency is estimated by using state level panel data from 1970-71 to
2008-09 in a single-output, multi-input model. The inputs included are: (i) Land; (ii) Labor;
(iii)Fertilizers; (iv) Irrigated Area; (v) Diesel Engine; (vi) Electric Engine; (vii) Tractors, and (viii)
Electricity used in the agriculture. In case of Rice Eleven major Rice producing States has been
considered which are Andhra Pradesh(AP), Assam(AS), Bihar(Bl), Haryana(HA), Karnataka(KA),
Madhya Pradesh(MP), Orissa(OR), Punjab(PU), Tamil Nadu(TN), Uttar Pradesh(UP), and West
Bengal(WB). In case of Wheat Six major Wheat Producing states has been considered on the basis on the
above mentioned ground. The major Wheat producing states are Bihar (BI), Haryana (HA), Madhya
Pradesh (MP), Punjab (PU), Rajasthan (RA), and Uttar Pradesh (UP).

In order to find-out the factors influencing TE, this study uses different infrastructural, institutional, and
demographic factors as the determinants of the TE. These factors are share of HYV (HYV), Government
irrigation (Gl), Rainfall (RF), Government expenditure on agricultural education, research, and extension
(E), Rural literacy rate (RL), Agricultural Loan (AL) and Distribution of Land Holding (G).
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Apart from these determinants this paper have also include time dummy to incorporate the progress in the
efficiency over time. For this purpose 1971-72 is taken as the benchmark year. So D;=1 for the year 1972-
73 and 0 otherwise; similarly D,=1 for 1973-74 and O otherwise and so on.

A panel regression analysis has been used while estimating the parameters. The model uses seemingly
unrelated regression (SUR) type framework and adjusted for contemporaneous correlation (across units)
and cross section heteroscedasticity.

All the Data has been collected from the different issues of Statistical Abstracts published by Central
Statistical Organization (CSO) of India, www.indianstat.com(an online commercial data service),
Agricultural Statistics at a Glance, and Agriculture in Brief published by the Central Statistical
Organization, different issues of Census of India, State Finance, Handbook of Statistics of Indian
Economics, Cost of Cultivation data, different publication of Research Foundation of Economy and
Political Weekly and Agricultural prices in India published by the Government of India and agricultural
census.

EMPIRICAL RESULT
Results on Technical Efficiency

Among the 11 major rice producing states UP has the lowest efficiency level, i.e., 0.6335. This implies
that rice production can be increased by 37% (approximately) by using the same inputs in case of UP.
Although WB is the largest rice producing states the output efficiency is around 67%. A notable feature is
that between the years 1981 to 1990 the output efficiency of rice in case of WB is the lowest among all
the major rice producing states, i.e., 0.5929. If one considers all the states together the output efficiency
of rice is 0.8419 for the period 1971-2009. One notable result is that for most of the sates considered in
this study the efficiency of rice has been fallen for the period 1981-1990 from the initial decade.

In case of wheat the output efficiency is 0.9131, averaged overall states and all year. So, the output
efficiency in case of wheat is more or less satisfactory. Again in case of UP the output efficiency is lowest
as in case of rice. The output efficiency in case of UP has been increased from 0.5189 for the year 1971-
1980 to 0.6695 for the year 2001-2009.

Results of Panel Regression:

1 This paper established a non linear relationship between different infrastructural, institutional, and
demographic factors with the output oriented technical efficiency of rice and wheat.

1 Some major determinants, which are positive and statistically significant, for explaining the variation
of output oriented technical efficiency in case of rice and wheat turns out to be rainfall, government
irrigation, government expenditure on agricultural research and extension, agricultural loan, rural
literacy and HY'V.

9 Most striking feature of this paper is that rainfall and agricultural loan have non linear effect on the
technical efficiency of rice. Whereas, rainfall and HYV have non linear effect on the technical
efficiency of wheat. All the above mentioned variables have positive and significant effect on output
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efficiency in the first order polynomial. But as one considered the higher polynomial of these
variables the effect became reverse and statistically significant. So, all these variables have a
threshold limit, i.e., beyond the limit these variables have a negative effect on the technical efficiency.

9 The technical efficiency of rice and wheat may increase if the policy of land reforms is implemented
up to the limit as this variable has a non linear relationship with the efficiency for both crops.

1 Apart from these determinants the joint interaction between the determinants are also significant
implying a non linear relationship between the determinants and the output oriented technical
efficiency of rice and wheat. For example in case of rice the joint interaction between square of
rainfall and HYV uses are significant (i.e. RF2HYV). On the other hand in case of wheat the joint
interaction between rural literacy and HYV uses (RLHYV) has positive and significant effect on the
efficiency if wheat.

9 The coefficients of time dummies are positive and significant for both rice and wheat implying the
output oriented technical efficiency has increased over time for these two crops.

CONCLUSION

Heavy dependence on rainfall can be one of the main constraints to achieve the targeted efficiency level
in case of rice and wheat in Indian agriculture as the relationship between rainfall and technical efficiency
turned out to be a nonlinear one showing technical efficiency increases in with rainfall initially up to a
level but decreases after that. This in turn implies existence of an optimum degree of rainfall beyond
which rainfall may have an adverse impact on technical efficiency. The same type of relationship holds
between  HYV seeds and technical efficiency of wheat, also showing existence of an optimum level
HYV usage for wheat production. For both the crops, the relationship between inequality in the
operational land-holding and technical efficiency is also a nonlinear one, showing technical efficiency
falls with increase in the inequality in the operational holding initially up to a level but it increases after
that with increase in inequality in the operational holding. Thus, effective size of land distribution may
increase the efficiency. The Government intervention in irrigation and more expenditure on rural
education, agricultural extension and research may also increase the efficiency of the two major food
crops in the indirect way.
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Table 1. Output oriented technical efficiency of rice

Average
AP AS BI HA KA MP OR PU TN UP WB of States
OVERALL
(19717210 200809) 1.0000 1.0000 0.7097 1.000 0.997 0.845 0.745 0.871 0.7834 0.6335 0.6744 0.841
1971-80 1.0000 1.0000 0.6423 1.000 0.991 1.000 0936 0746 05563 06511 0.6824 0.837
198190 1.0000 1.0000 006386 1.000 1.000 0.784 0.653 0.801 0.7316 0.6021 0.5929 0.800
1991-2000 1.0000 1.0000 0.7223 1.000 1.000 0.630 0.651 0963 0.9139 0.6385 0.7543 0.843
2001-2009 1.0000 1.0000 0.8671 1.000 1.000 1.000 0.738 1.000 0.9688 0.6445 0.6666 0.898
Table 2: Output oriented technical efficiency of wheat
Average of
Bl HA MP PU RA UpP States
OVERALL
(197172 to 200809) 1.0000 1.0000 1.0000 0.8722 1.0000 0.6063 0.9131
1971-80 1.0000 1.0000 1.0000 0.7503 1.0000 0.5189 0.8782
1981-90 1.0000 1.0000 1.0000 0.7925 1.0000 0.5807 0.8955
19912000 1.0000 1.0000 1.0000 0.9714 1.0000 0.6689 0.9401
2001-2008 1.0000 1.0000 1.0000 1.0000 1.0000 0.6695 0.9449
Table 3: Panel regression of rice
Variable Coefficient t-Statistic Variable Coefficient t-Statistic
C 0.695205 23.434340* T11 0.077754 7.164395*
RF 0.137078 4.149592* T12 0.038407 2.871140*
Gl 0.134788 3.641320* T13 0.051033 3.734261*
E 0.001103 5.929143* T14 0.044656 3.255476*
AL 0.026784 5.820170* T15 0.077599 5.776341*
RL 0.003036 6.533969* T16 0.123743 9.020249*
G -0.328081 -5.205721* T17 0.085802 6.641113*
HYV 0.322396 6.216299* T18 0.065354 5.302804*
RF2 -0.029625 -3.741743* T19 0.042426 3.682004*
AL2 -0.001861 -8.246785 T20 0.060634 4,988593*
G2 0.237888 4.301579* T21 0.040973 3.007617*
RFHYV -0.056818 -1.076873 T22 0.038224 2.352906*
RF2HYV -0.033446 -1.653289*** T23 0.009842 0.546328
RF3HYV 0.005243 4.532724* T24 0.004479 0.214509
T1 0.020643 7.530260* T25 0.027107 1.722728***
T2 0.041061 9.981169* T26 0.055394 3.832797*
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T3 0.032513 6.689743* T27 0.076247 6.382045*
T4 0.002814 0.493160 T28 0.066719 4.,118825*
T5 0.031204 4.830751* T29 0.117488 7.239493*
T6 0.030185 3.958134* T30 0.069100 4.091287*
T7 0.104510 7.880567* T31 0.065634 4.553883*
T8 0.093637 8.260797* T32 0.006798 0.563490

T9 0.077710 7.092791* T33 0.025610 2.413719*
T10 0.073148 6.334850* T34 0.036628 5.790663*

Adjusted R-squared 0.99149

F-statistic 760.129100*
Prob(F-statistic) 0.000000
*Significant at 1%; ** significant at 5%, *** significant at 10%

Table 4: Panel regression of wheat
Variable Coefficient t-Statistic Variable Coefficient t-Statistic
C 0.825283 21.764480* T8 0.011297 3.114889*
RF 0.561000 2.599572* T9 0.010218 2.354125*
Gl 0.196961 3.601123* T10 0.015110 3.318827*
E 0.078950 2.343187* T11 0.009574 1.827375***
RL 0.003319 2.841620* T12 0.020431 3.689736*
G -0.195898 -6.737422* T13 0.023618 4.259169*
HYV 0.070955 2.324652* Ti14 0.028549 4.914726*
RF2 0.000000016 -2.084742* T15 0.043901 6.974560*
G2 0.166193 6.957622* T16 0.039359 6.049126*
HYV2 -0.198794 -3.675134* T17 0.034232 5.122061*
RFHYV -0.407302 -1.386569 T18 0.035897 4.908100*
GIEM -0.039094 -1.867616*** T19 0.039590 5.009832*
GI2EM 0.043624 1512170 T20 0.029108 4.350735*
RLGI -0.016391 -1.812743***  T21 0.030251 6.056991*
RLGI2 0.039808 1.459187 T22 0.045354 11.129050*
RLGI3 -0.035483 -1.469623 T23 0.058666 12.595690*
RL2GI -0.000034 -6.240244* T24 0.072262 12.323240*
RL3GI 0.00000013 5.409779* T25 0.066817 9.047606*
RLHYV 0.003039 3.687625* T26 0.062522 7.193727*
RL2HYV -0.000013 -3.613351* T27 0.065716 10.345220*
T1 0.016945 13.942180* T28 0.073413 8.511898*
T2 0.005708 1.856399*** T29 0.067366 6.396486*
T3 0.018162 9.273980* T30 0.061781 5.270590*
T4 0.006831 2.581120* T31 0.059259 5.586581*
T5 0.013445 5.231453* T32 0.047886 4.484239*
T6 0.014354 4.432321* T33 0.042643 4.672576*
T7 0.011661 2.901603* T34 0.014686 3.721355*

Adjusted R-squared 0.9679

F-statistic 108.1703*

Prob(F-statistic) 0

*Significant at 1%; ** significant at 5%, *** significant at 10%
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ABSTRACT

Agricultural production in Ghana is mainly carried out by smallholder farmers on a subsistence basis. Smallholders
conditute about 95% of the farming population and produce 80% of the annual output. This study investigates the
level of technical efficiency of farms using a sample of 294 households from the Upper East region of Ghana.
Bootstrap DEA methods are used torestie technical efficiency and the factors affecting efficiency are examined.
This is one of the few studies that uses bootstrap DEA methods in efficiency analysis of agriculture in Ghana.
Results from the application of the nonparametric DEA frontier nsoslebw that mean technical efficiency is low

and there is significant variability in efficiency among the sample farms. The results imply that agricultural
productivity can be increased substantially through improvement in technical efficiency. Frorayappitit of view
educational status and use of hired labour have been found to hold the greatest potential for improving technical
efficiency in Ghanaian agriculture.

Keywords Bootstrap DEA; Ghana; technical efficiency.

INTRODUCTION

Agriculture is the main stay of the economy. The sector’s contribution to Gross Domestic
Product (GDP) averaged about 55% in the first half of the 1980s and it declined to 41% in 1995
(Nyanteng and Seini, 2000). The contribution of agriculture to GDP continued to decline through
the mid-1990s and beyond. In 2009, the contribution was only 34% (Ministry of Food and
Agriculture, 2010). Agriculture employs over 60% of the workforce in Ghana.

Agricultural production in Ghana is mainly carried out by smallholder farmers on a subsistence
basis. It is estimated that smallholders constitute about 95% of the farming population and
produce 80% of the annual agricultural output (Asuming-Brempong et al, 2004). The production
activities of smallholders therefore play a crucial role in the performance of the agriculture. Crop
farming under rainfed conditions is the main agricultural production activity. Climatic conditions
vary across the country and influence the types of crops grown as well as crop productivity.
Apart from climatic conditions, the policy environment of agricultural production determines to
a large extent the performance of the agricultural sector.
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In the early 1960s agricultural policy emphasised area expansion in order to increase output.
From the 1970s the policy emphasis shifted towards increasing crop yields through investments
in research to develop high yielding crop varieties and complementary technologies. There is
evidence of adoption of improved technologies (Gyasi et al, 2003; Jatoe et al, 2005; Morris et
al., 1999) and yet there exist gaps between current crop yields and potential yields. The yield
gaps may be partly attributed to technical inefficiency in production and partly due to differences
in environmental variables such as rainfall. Output gains from increased productivity through
improvement in technical efficiency offer a solution to closing the yield gap. There are very few
studies on technical efficiency of crop production in Ghana.

The main aim of this study is to find out how the yield gap in crop production can be closed
through improvements in technical efficiency by assessing the level of technical efficiency as
well as the factors that determine efficiency.

METHODS

This study used Data Envelopment Analysis (DEA) methods to estimate technical efficiency.
DEA 1A a nonparametric method that uses linear programming (LP) techniques to fit a piecewise
linear frontier to a set of input-output observations for which the technical efficiency of each
decision making unit (DMU) in the set of observations is determined.

The DEA approach to the measurement of efficiency was introduced by Charnes et al (1978) who
assumed constant returns to scale in the model framework. This initial model referred to as the CCR
model, built on earlier work by Koopmans (1951) in the analysis of production as an efficient
combination of activities. The CCR model was later extended by Banker et al (1984) to include variable
returns to scale in a DEA framework known as the BCC model.

An output-oriented DEA model was estimated following the approach of Ray (2004). Given a sample n

DMU using a vector of K inputs to produce a vector of moutputs, the output-oriented DEA technical
efficiency of each DMU is obtained by solving the following LP problem:

TE(x, %) =Max7,( £ X, y), subject to:
N |

a /ij Xj ¢ X

j=1

N

a /ij y; 2 7Y

j=1

N

a’;=1/;,20(] 4£23..,N)

=1

where fi'l is the technical efficiency estimate to be calculated for each DMU and interpreted as the

proportion to which the output vector of the ith DMU can be expanded and still remain feasible from the
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input vector X, Y, is quantity of the mth output produced by the ith DMU with mi (1, M), x, is the

quantity of the kth input used by the ith DMU with ki (1, K)and / is a non-negative intensity
variable used to scale individual observed activities for constructing the piecewise linear technology. Note

N
that / is a matrix (/; with (..., (). Deleting & /, =1 in the constraints provides the CRTS
j=1
N
technical efficiency estimate and replacing it with equation g /J. <1 gives the NIRTS estimate of
j=1
technical efficiency. To obtain efficiency estimates for the sample, the LP has to be solved N times, once
for each DMU.

DEA efficiency estimates are sensitive to sampling errors in the data. Ignoring these errors in the
estimation can lead to biased DEA estimates and misleading results. Bootstrapping procedures can
overcome this bias. Among the available bootstrapping procedures, the smooth homogenous bootstrap
procedure of Simar and Wilson (1998; 2000) is the preferred method for providing consistent efficiency
estimates. We applied the homogenous bootstrap procedure with 2000 replications. The complete and
detailed description of the procedure can be found in Simar and Wilson (1998; 2000; 2007).

For the empirical DEA technical efficiency we used farm household data from a sample of 294 household
from the Upper East region of Ghana. The data was obtained from the fifth round of the Ghana Living
Standards Survey (GLSS 5). GLSS5 is a nationally representative multipurpose household survey which
was conducted in 2005-2006 by the Ghana Statistical Service (GSS), a government department. The
inputs used in the estimation are land, labour and material inputs cost while the outputs are grain output of
maize, sorghum, millet, rice, cowpea and groundnut.

We estimated technical efficiency under CRTS, VRTS and NIRTS and calculated scale efficiency for
each household as the ratio of CRTS technical efficiency to VRTS technical efficiency. The factors
determining bootstrap DEA technical efficiency under VRTS was established using ordinary lest squares
(OLS) regression. The empirical results are presented below.

RESULTS AND DISCUSSIONS
Conventional DEAesults

Conventional DEA technical efficiency estimation results are shown in Table 1. The results indicate that
there is considerable variability in technical efficiency among the sample farms, with estimates varying
from 5.87% to 100%, with a mean of 51.80% from the VRTS results. One hundred and sixty-eight farms,
representing 57.14% of the sample have technical efficiency below the sample mean. Only 25 farms,
representing 8.5% of the sample are fully technically efficient.

Table 1: Frequency distribution of conventional DEA technical efficiency

CRTS NIRTS VRTS

Technical efficiency score (%) No. of farms Percent No. of farms Percent No. of farms  Percent

<10 3 1.02 3 1.02 2 0.68

364



10-20 23 7.82 22 7.48 23 7.82

20-30 56 19.05 48 16.33 46 15.65
30-40 52 17.69 53 18.03 50 17.01
40-50 39 13.27 43 14.63 39 13.27
50 - 60 37 12.59 32 10.88 37 12.59
60-70 21 7.14 23 7.82 19 6.46
70 - 80 20 6.80 19 6.46 18 6.12
80 -90 21 7.14 23 7.82 20 6.80
90-99 11 3.74 15 5.10 15 5.10
100 11 3.74 13 4.42 25 8.50
Total 294 100.00 294 100.0 294 100.00
Summary statistics of technicakfficiency (%)
Mean 48.09 49.96 51.80
Minimum 5.48 5.87 5.87
Maximum 100.00 100.00 100.00
Standard deviation 24.33 25.09 26.46

The mean DEA technical efficiency in this study differs from the mean found in previous studies that
used the DEA frontier approach. The available literature suggests there are no studies on the efficiency of
crop production in Ghana that have used the DEA approach. In a study of the production efficiency of
smallholders’ vegetable-dominated mixed farming in Eastern Ethiopia, Haji (2006) estimated a mean
technical efficiency of 91 percent. Theodoridis and Anwar (2011) estimated a mean DEA technical
efficiency of 82 percent in a case study of farm households in Bangladesh. It is, however, important to
note that these studies were carried out in different countries for different crops. The farmers in these
previous studies and the farmers in our sample do not face the same production environment; as such a
direct comparison of technical efficiency estimates should be done with caution.

Differences in technical efficiency between the CRTS and VRTS frontiers suggest the presence of
technical inefficiency as well as scale inefficiency. We calculated scale efficiency and examined the
nature of returns to scale for each household. Results of scale efficiency analysis are shown in Table 2.
Almost 80% of the sample households have scale efficiency between 90 and 99% and 13 households are
fully scale efficient.

Table 2: Frequency distribution and summary statistics of scale efficiency

Scale efficiency score (%) Number of farms Percent
<40 1 0.34
40 - 50 2 0.68
50 - 60 2 0.68
60-70 5 1.70
70-80 12 4.08
80-90 30 10.21
90-99 229 77.89
100 13 4.42
Total 294 100.00
Summary statistics of scale efficiency (%)
Mean 94.07
Minimum 36.39
Maximum 100.00
Standard deviation 9.65
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Analysis of the nature of returns to scale indicate that 134 farms operate under increasing returns to scale
(IRTS), implying that these farms are too small to be efficient. They would need to expand their
operations in order to move onto the production frontier and hence become technically efficient. Another
147 farms operate under decreasing returns to scale, implying that these farms are not fully technically
efficient because they are too large. The remaining 13 farms operate under constant returns to scale.
These are the farms that are fully scale efficient.

Bootstrap DEA results

After correcting the conventional DEA technical efficiency estimates for sampling bias using
bootstrapping procedures none of the households was full technically efficient in crop production. We
present and discuss bootstrap DEA results under VRTS only, as we expect the sample farms to operate
under VRTS. Table 3 presents the results of bootstrap DEA estimation results. Bias-corrected technical
efficiency ranges from 5.35% to 90.05%. The mean bias-corrected technical efficiency is 44.63% and the
standard deviation is 21.54. There is less variability in technical efficiency after correcting for bias. This
is indicated by the lower standard deviation (21.54) of bias-corrected efficiency compared with the
standard deviation (26.46) of the conventional DEA technical efficiency under VRTS.

Table 3: Distribution of bias-corrected DEA technical efficiency (VRTS)

Technical efficiency score (%) Number of farms % of farms
0-10 4 1.36
10 -20 31 10.54
20-30 55 18.71
30-40 56 19.05
40-50 35 11.90
50 - 60 35 11.90
60 - 70 25 8.50
70 - 80 30 10.20
80-90 22 7.48
90 -99 1 0.34
100 0 0.00
Total 294 100.00
Summary statistics of bootstrap DEA technical efficiency (%)
Mean 44.63
Minimum 5.35
Maximum 90.05
Standard deviation 21.54
Summary statistics of 95%confidence band of bootstrap DEA
Lower bound Upper bound
Mean 36.44 50.29
Minimum 4.73 5.78
Maximum 81.44 97.60
Standard deviation 17.94 25.46

Note: 2000 bootstrap replications were used.

Determinants of DEA technical efficiency

We examined effect of farmer characteristics and management practice factors on DEA technical
efficiency. The farmer characteristics include age, gender and educational status of the head of farm
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household. The management practice factors are use of fertilisers, hired labour, agricultural extension
services and farm size under production. We rebreed the bias-corrected technical efficiency estimates
against these factors that are assumed to determine efficiency using OLS. It has been argued that when
efficiency estimated are corrected for bias, OLS is the appropriate model in second stage regressions
(Banker and Natarajan, 2008). The OLS results are shown in Table 4.

Table 4: OLS model of factors affecting DEA technial efficiency

Factor Coefficient Std. Err.
age -0.0468 0.0434
gender 0.0518 0.0385
educ -0.0720** 0.0316
hdlab -0.0056** 0.0027
extn 0.0245 0.0289
fert -0.0018 0.0064
farmsize -0.0110 0.0162
constant 0.5712 0.0617
F(7, 286) 2.11%** R? 0.0490

* xx Rk gignificant at the 10%, 5%, 1% levels, respectively

Note: A negative coefficient in Table 5.7 means an increase in the level of the factor increases technical
efficiency, while a positive coefficient means an increase in the factor decreases efficiency.

The results in Table 4 suggest that educational status of the head of household and the use of hired labour
significantly affect technical efficiency. The results imply that households with heads who have formal
education are more technically efficient compared with their counterparts without formal education. The
results also suggest that increased use of hired labour increases technical efficiency. These results have
important policy implications for increasing crop productivity through improvements in technical
efficiency.

CONCLUSIONS

This study used farm household data to estimate technical efficiency and establish the determinates of
technical efficiency of crop farms in Ghana. Estimated technical efficiency measures indicate there is
considerable inefficiency in crop production among the sample farms. The mean technical efficiency
measure under VRTS from the conventional DEA model is 51.80% compared with the mean from the
bootstrapped bias-corrected model of 44.63%.

Scale efficiency among the sample households is very high. Estimated mean scale efficiency is 94%,
suggesting that the observed low technical efficiency among the sample households is due to pure
technical inefficiency. From an analysis of the determinant of technical efficiency, educational status of
the head of household and the use of hired labour have the greatest potential for improving upon technical
efficiency in crop production in Ghana in general and in the Upper East region of the country in
particular.

Policy efforts to increase crop productivity should focus on harnessing the management experience of
households with heads who have formal education to improve the lot of those households with heads who
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doi not have formal education. Also efforts directed at giving farm households access to hired labour
would improve technical efficiency and increase crop productivity.
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ABSTRACT

Data Envelopment Analysis (DEA) is applied to an experimental design for the determination of the most efficient
nutritional mixture on studied variables of female calves. The experimental design has two factors (protein and
energy) and bothave two levels. The set of totally 36 calv@dor each groupis followed monthly. The amount of

protein and energy given to calves were used as input. Likewise, 8 studied variables that represent growth of calves
taken as output. In considering tirakift Malmquist index is used. After evaluating DEA scores, it is tested whether
there is a difference between energy and protein combinations. Then the best combination tried to be found.

Keywords: DEA; experimental design; Malmquist index; hypothesistemtritional mixture; Calf growth

INTRODUCTION

The introduction section should include relevant background information related to your study and should
end with a statement of your goals / objectives for this study. Data envelopment analysis (DEA) is an
efficient efficiency measurement tool widely used in many areas of science that contains input output
relations between similarly operating decision making units (DMUSs). In the wake of pioneer work of
Charnes et. al.,(1978) DEA grew up remarkably. The application area of DEA is so wide that, there are
many attempts made for reviewing and surveying DEA studies. Some essays are comprehensive and
bibliographically surveyed total DEA work. Emrouznejad et al. (2008), Gattoufi et al® (2004). Besides
that, some others statistically or taxonomically analyses the growth of DEA literature. Gattoufi et al.
(2004), Liu et al. (2013). In addition to this, "Cooper framework" of Emrouznejad and De Witte (2010)
guides the researchers methodologically. Due to the broadness and comprehensiveness of DEA studies
efforts shifted to sub areas. As an example; Cook (2010), Paradi and Zhu (2013), Hatami-Marbini et al.
(2011), Worthington (2014), Kao (2014). Recent developments of DEA introduced editorially in some
special issues of journals. Cook (2013), Emrouznejad et al.(2014), Emrouznejad (2014),

In this study, the effects of mixed feed composed of different protein and energy levels on the growth
characteristics of female calves were examined and conducted with data envelopment analysis. Over the
original data of Bilginturan (2012), it will be shown that how the data envelopment analysis can be used
to measure the differences of k groups. The data was designed for an experimental research of variance
analysis and tended to measure the growth of female calves during their growth period. Due to the
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structure of experimental design of the data, we can consider, accept and allow this research into Data
Envelopment Analysis framework. Levels of measurement which includes the different amount of energy
and protein mixtures of food given to female calves could be naturally considered as inputs. Besides that,
the criteria that measure the calf growth are also determined naturally as outputs. Since, the data was
measured time dependent, Malmquist indices is also applicable to put forth the efficiency change in
during the experimental period.

Essentially, the DEA is used quite a lot in the field of agriculture, studies on this subject are available in
abundance, Mendes et al(2013), collects some of the studies in Efficiency measures in Agriculture. The
statistical analysis of DEA is out of our subject but Table 1 includes a small survey results according to
search terms related to our study in Scopus web page.

Table 1: Studies related to our work in Scopus

Search Term Number of Studies
DEA 8890
DEA & Malmquist 560
DEA & Agriculture 202
DEA & Farming 139
DEA & Animal 86
DEA & (Claf/heifer/cow) 18
DEA &Malmquist&Agriculture 21
DEA &Malmquist&Farming 7
DEA &Malmquist&Animal 2
DEA&Design of Experiments 45
DEA&Experimental Design 29
DEA&Variance analysis 85
DEA&ANOVA 20

The closest studies to this work according to research term are Cankurt et al. (2013) and de Abreu et al.
(2012).

In the study of Cankurt et al.(2013), they compare the agricultural production of old and new members of
European Union and Turkey. They took total agricultural production as output and some other variables
including live animal stocks as inputs. Productivity and efficiency of agricultural production of selected
countries examined with DEA and Malmquist indices.

Subsequent study of de Abreu et al. (2012) is more closer to our work but they compared livestock farms
rather than animals. The objective of their study is to assess efficiency and productivity of the production
system applied by the farms which decided to use some loans for heifer retention. Thus, for their purpose
they used DEA and Malmquist index between the period of 2004-2008.

Each of the studies in table 1 one corresponds to DEA with different point of view. Our study is an
attempt to combine an experimental research design which has input output structure and time dependent
measure with Malmquist DEA. The data of Bilginturan (2012) is used to depict our proposal. The
method is called. Thus, short formula will be given and referenced for the researchers interested in this
area. Latter the data and variables introduced and analyze results given and discussion made in the last
section.
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METHODS

As proved in table 1. DEA is a well-known efficiency measurement tool and there are many textbooks
which includes detailed explanations of DEA and Malmquist indices. Charnes et al.(1994), Cooper et al.
(2007) , Zhu (2009), Cooper et al.(2011), Fare et al.(1998).

Malmquist Productivity index introduced by Caves et al. (1982) dedicated to the idea of index of
Malmaquist (1953) concerns with efficiency change of DMUSs over time and it was represented as follows:
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The effects of mixed feed, composed of different protein and energy levels on the growth characteristics
of female calves were examined in the original study of Bilginturan (2012), The data was designed for an
experimental research of variance analysis and tended to measure the growth of female calves during their
growth period. The experimental design measures the growth of female calves with eight criteria;

1. Live Weight (LW)
Body Length (BL)
Withers Height (WH)
Body Depth (BD)
Hip Height (HH)

Hip Width (HW)
Chest Girth (CG)
Table value (MET)

N~ WD

and two separate input, protein and energy, each have two levels as shown in table 2., totally four levels

of mixed feed.

Table 2: Input s and Outputs of the Study

Knput s Outputs
Group No  Protein Level Energy Level Measures Time Period
1 feed contains 16%  feed contains 2500 kcal 1.  Live Weight (LW) 7 month
crude protein (CP) / kg Metabolizable 2. Body Length (BL)
. Energy (ME) 3. Withers Height (WH)
2 18% CP 4. Body Depth (BD)
3 16% CP 2700 keal / kg (ME) 5. Hip Height (HH)
6. Hip Width (HW)
4 18% CP 7. Chest Girth (CG)
8.  Table value (MET)
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RESULTS AND DISCUSSIONS
DEA Efficiency Results

As can be seen efficiency results table the first group which is feed by containing 16% crude protein (CP)
- 2500 kcal / kg Metabolizable Energy (ME) is more efficient than the other groups.

Table 3: Distribution of efficient DMUSs to groups in time horizon.

Number of Efficient DMUs in each month

Group No Protein Level Energy Level 1 > 3 4 5 5 7
1 16% CP 2500 kcal / kg (ME) 3 3 3 3 3 3 3
2 18% CP 2500 kcal / kg (ME) 1 1 1 1 1 1 2
3 16% CP 2700 kcal / kg (ME) 1 2 2 2 1 2 2
4 18% CP 2700 kcal / kg (ME) 0 0 0 0 0 1 1

This results also confirmed with Kruskal Wallis Test in different alpha levels for each month. The
pairwise comparison results also confirmed that the fourth group is different from the other three group as
could be seen in table

Mal mgui st tndi ces Resul

All pairwise comparisons made from first month to seventh month to depict the efficiency change over
time namely 21 comparisons made and compared by Kurskal-Wallis test. The test results interestingly
show that the groups are significantly similar in efficiency change.

Hypothesis Test Summary

Null Hypothesis Test Sig. Decision
The distribution of Malmgquist Index is the Independent-Samples 0.69 Retain the null
same across categories of Group. Kruskal-Wallis Test ™ hypothesis.

Asymptotic significances are displayed. The significance level is ,05.

Discussion and Future Perspective

Performance measurement with input output structures are the area of Data Envelopment Analysis. For
variance analyze, you have to fix some characteristics or measures but there is no need in DEA
performance comparisons. There is no need for special design. Naturally data occurs undersigned and
DEA could use this data for performance comparison. Our study proposes an alternative to performance
comparison of k group.
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ABSTRACT

Data Envelopment Analysis (DEA) is linear programming method to measure the efficiency of Data Wddsng
(DMUs). There is a flexibility to select weights of each input and output to maximize the efficiency of the DMU
under evaluation in DEA. Sometimes zero weights are assigned for the inputs and/or outputs by DEA. So, unrealistic
results can be obtaie The problem is eliminated by weight restrictions in DEA. Therefore, CCRCOR model

constrained with correlation coefficients was initialdl
Restricted Model Using Correlation Coefficients as aherative to CrossEfficiency Evaluation in Data

Envelopment Analysis. Hacettepe Journal of Mathematics and Statistics 41(2), {%3321L ¢ and @A Meci t , E
Al p, K. (2013) . A New Proposed Model of R effictemts. ct ed D

Applied Mathematical Maelling 37(5), pp. 3408 4 2 5. 0 ) In thi§ stly, the CCRCOR model and other
models (CCR, Assurance Region | (ARI), Cross Efficiency) were compared. For this comparison artificially
generated data set was used. Thepgical results were checked with the Spearman rank test and the Pearson
correlation test. Thus, best results were obtained by the CCRCOR model, rather than the other models, for a
balanced weight distribution.

Keywords:Assurance Region |, CCRCOR, Cr&diciency, Data Envelopment Analysis, Weight Restrictions.

INTRODUCTION

Data Envelopment Analysis (DEA) measures the efficiencies of DMUs with multiple inputs and outputs.
The method calculates weights to the inputs and outputs by assigning the maximum efficiency score for a
DMU under evaluation. So, it leads to the weight flexibility. Therefore, zero weights and contradictory
results can be found. In order to avoid the problem, the weight restrictions are used in DEA. The weight
restrictions methods were presented with a very detailed precise by Allen et al. [3].

METHODS
CCR Model

CCR Model was first developed by Charnes et al. (1978) [4]. The CCR model allows the weight
flexibility. Thus, a Data Making Unit (DMU) under evaluation calculates the inputs and outputs weights
which maximize its efficiency score in CCR model. Therefore, the input and output weights are different
for each DMU. The input oriented CCR Model is given in Equation (1).

s
max g, = Q U, Y.
r=1

s. A Vixe =1 (1)

i=1
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auy; - avx ¢o

r=1 i=1

Vv,2 0, u 20, j=1,...,n;

i=1,...,m ;o or =1,..., s
CCRCOR Model

In the production process, input and output variables are related to each other [1, 2]. In this study with
CCRCOR Model proposed by Mecit E.D. and Alp 1. [1], the relationships are added in the CCR model by
selecting weights in the rate of correlations between variables. CCRCOR model is seen in Equation (2):
[1, 2].

max g, = a U, Yy

r=1
a Vvix =1
S.t. i=1
a uy, - é.vixij ¢o
r=1 i=1 (2)
C|,i+1Vi+1 - VI ¢0
pi,rur -V ¢0
br,r+1ur+1 - U ¢0

Vv,2 0, u 20, j=1,...,Nn;
i=1,...,m; r =1,..., S

Cross Efficiency Method:

Cross Efficiency Method (CEM) is used to define the DMU with the best performance and to rank DMUs
using cross efficiency scores related to all DMUs [5]. The main idea in CEM is to use binary evaluation
instead of self-assessment mode in DEA.

CEM was used to a lot of researches such as the evaluation of the efficiencies of nurses’ homes [5] and
the evaluation of countries participating in the last six Summer Olympic Games [6]. A bunch of weights
in the CEM is more acceptable than the weights of CCR model. So, a common weight is obtained from
the average favourite weights of all DMUs. CEM method seems appropriate according to many
researchers because the method is applied in the logic of the common weight. For example, if we consider
Olympic Games, the weights of gold, silver and bronze medals for a country must be the same with
another country. Therefore, Hai preferred to apply CEM and to use the logic of the common weight in the
evaluation of Olympic Games [7].

An advantage of cross efficiency compared to simple efficiency is to rank all DMUs. Doyle and Green
suggested that cross-efficiency evaluation is more powerful and more general in the numbers of the
reference set [8]. Cluster analysis was used to indicate a reference to the weak DMUS.
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The similar inputs and outputs of DMUs are classified into the same cluster. In a given cluster, a DMU
with the highest score can be used as a primary reference in the cluster for the development of other
DMUs [6].

s
max g, = Q U, Y
r=1

st. avix, =1 3)

i=1
.5 .1
a uryrj -a Vi)ﬁj ¢ O
r=1 i=1
Vv, 2 0, u 20, j=1,...,Nn;
i=1,...,m ;o r =1,...,s
With each DMU, under evaluation for (K=1,2,...,0), Vi, Vak sees Vinks Utk s Uk seens Uk

are obtained a set of optimal weights. Then, for any DMU; (j=1,2,...,n), cross efficiency is calculated as
follows in Equation (4) by using the weights of DMUy selected from conventional DEA model in
Equation (3):

D UnYy
E =2 ckj=12_..n

= (4)
As shown in Table 1, when we move in the ky, row of the cross efficiency matrix E, E, is efficiency of
DMU according to DMU; calculated each element by weighting defined above. Diagonal is the value of
the efficiency of DMUy in the classical DEA. Then, each of DMUs in Table 1, in order to obtain a
measure of the average cross efficiency, the average of the columns of the cross efficiency (CEM) matrix
is calculated. Thus, cross-efficiency scores are obtained by Equation (5):

-1
n

J

E, ®)

x

||QJ3

1

Table 1: A generalized crosfficiency matrix

Evaluated DMU Available DMUs

1 2 3 ... n
1 Ea E1 Eis e En
2 = Ez Ezs e Ezn
3 Ea Es Ess .. Ean
n Enl En2 En3 Enn
Average E, E, E, E,
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Assurance Region (AR) Approach

The first study related to weight restrictions was made by Thompson et al. in 1986, in order to determine
the best location for a nuclear physics laboratory to be established in Texas [9]. The approach which was
called as Assurance Region (AR), was developed by placing restrictions for weights related with
preferred places. The reason called as Assurance Region, weight region is restricted with a specific area.
The lower and upper limits in AR1 are imposed on the ratios of the factor weights. The input and output
weights in AR2 are connected with each other. For example, limits are based on the ratios of the output
weights to the input weights.

APPLICATION

In this study, we applied the CCRCOR model and other models on artificial data sets in Table 2. The
efficiencies of 12 DMUs were evaluated with a set of data in Table 2. The data set was made from two
inputs (X1, Xo) and two outputs (yi, Y2).

Table 2: The inputs and outputs of 12 DMUs

DMU iy iz i ¥z
1 3 g 2 3

2 7 12 3 g

3 10 20 7 12
4 11 23 19 13
3 13 30 14 23
6 15 33 24 28
7 13 37 19 33
& 13 40 20 32
g 30 33 13 43
13 17 47 20 30
11 13 14 23 34
12 20 47 26 33

Table 3: Correlation matrix

X1 X2 Y1 Y2
Correlation | x; 1,000 0.776 0.685 0.957
x, 0776 1.000 0.907 0.897
y: 0685 0907 1,000 0.780
y 0957 0.897 0.780 1.000
Sig. X1 0.001 0.007 0.000
(1-tailed) x,  0.001 0.000  0.000
y: 0.007 0.000 0.001
y 0.000 0.000 0.001

According to the correlation matrix in Table 3, the relationships between all variables are significant.
According to Table 5, DMUs 5, 6, 7 and 9 by CCR model are efficient. DMU 6 is efficient by CCRCOR
and AR 1.

Table 4: Cross efficiency matrix

DMU 1 2 3 4 5 6 7 8 9 10 11 12

1 0.395 0.6735 0.5804 0.6758  0.786 1 0.6242 0.8082 1 0.79 0.8687 0.843
2 0.3716  0.6817  0.6613 0.8419  0.9824 1 0.9997 0.9121 0.9999 0.91 0.9664 0.9154
3 0.3714  0.6813 0.6614  0.8416  0.9821 0.9997 0.9994 0.9118  0.9993 0.9097 0.9661 0.9151
4 0.3335 0.6267 0.6408  0.8527 1 1 1 0.8962 0.8387 0.9258  0.9915 0.9258
5 0.3134  0.596 0.6247  0.8509 1 0.9824 1 0.8782 0.7752 0.9217 0.9893 0.9168
6 0.2501 0.4466  0.4376  0.5684  0.6733 1 0.3473 0.6581 0.3751 0.7355 0.8683  0.8127
7 0.3086  0.5879 0.6173 0.8417  0.9892 0.9602 1 0.8663 0.7716  0.9077  0.9716  0.9002
8 0.3717 0.6818  0.6615 0.842 0.9826 1 0.9999  0.9122 1 0.9101 0.9666 0.9156
9 0.3702 0.6791 0.6589  0.8386 0.9786  0.996 0.9961 0.9086 1 0.9064 0.9626 0.9118
10 0.315 0.5974 06247 0.8494 09987 0.9986 0.9817 0.8804 0.7663 0.9276  0.9984  0.9257
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11
12

0.3144
0.3148

0.5964
0.5971

0.6236
0.6244

0.8479
0.8491

0.997
0.9983

0.9966
0.9979

0.9802 0.
0.9817 0.

8788 0.7651 0.9247 0.9997
88 0.7662 0.9259 0.9978

0.9239
0.9269

ACE*

0.3358

0.6205

0.6181

0.8083

0.9474

0.9943

0.9092 0.

8659  0.8659  0.8913  0.9623

0.9027

*ACE: Average cross efficiency

Table 5: Evaluations of the efficiencies

DMU CCRd CCRCORd Cross Efficiencyd AR1d

1 0.3950 0.3743 0.3358 0.3638

2 0.6817 0.6687 0.6205 0.6419

3 0.6614 0.6221 0.6181 0.5880

4 0.8527 0.7668 0.8083 0.7166

5 1 0.8939 0.9474 0.8360

6 1 1 0.9943 1

7 1 0.8320 0.9092 0.7122

8 0.9122 0.8628 0.8659 0.8228

9 1 0.9667 0.8659 0.8800

10 0.9276 0.8564 0.8913 0.8235

11 0.9997 0.9247 0.9623 0.9077

12 0.9269 0.8832 0.9027 0.8639

The number of efficient 4 1 - 1

DMUs

Table 6a: Input and output weights obtained by CCR, CCRCOR and AR1 models
AR1 Weights
DMU Uy U, Vq Vo
1 0.0909 0.0606  0.0720 0.0800
2 0.0621 0.0414  0.0492 0.0546
3 0.0392 0.0261  0.0310 0.0345
4 0.0326 0.0217  0.0258 0.0287
5 0.0273 0.0182  0.0216 0.0240
6 0.0323 0.0081  0.0186 0.0206
7 0.0214 0.0142  0.0169 0.0188
8 0.0199 0.0133  0.0158 0.0175
9 0.0183 0.0122  0.0145 0.0161
10 0.0206 0.0137  0.0270 0.0135
11 0.0190 0.0127  0.0250 0.0125
12 0.0175 0.0117  0.0230 0.0115
The number of zero weights - - - -

Table 6b: The results of CCR, CCRCOR, AR1
CCR Weights CCRCOR Weights
DMU uq U, Vq Vo DMU Uy U, Vq Vo
1 0.1291 0.0456 0 0.1250 1 0.0640 0.0821 0.0786 0.0759
2 0.0155 0.0755 0.0794 0.0370 2 0.0438 0.0562 0.0538 0.0520
3 0.0101 0.0492 0.0518 0.0241 3 0.0278 0.0356 0.0341 0.0330
4 0.0051 0.0445 0.0753 0.0068 4 0.0232  0.0297 0.0284 0.0275
5 0.0016 0.0391 0.0769 O 5 0.0194 0.0249 0.0238 0.0230
6 0.0417 0 0.0667 O 6 0.0236  0.0155 0.0167 0.0214
7 0 0.0286 0.0556 O 7 0.0152 0.0194 0.0186 0.0180
8 0.0052 0.0253 0.0266  0.0124 8 0.0141 0.0181 0.0173 0.0168
9 0.0042 0.0205 0.0216  0.0101 9 0.0128 0.0164 0.0157 0.0151
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10 0.0031 0.0288 0.0588 0 10 0.0146  0.0188 0.0192 0.0168
11 0.0029 0.0272 0.0556 0 11 0.0135 0.0173 0.0177 0.0155
12 0.0026 0.0245 0.0500 O 12 0.0125 0.0160 0.0163 0.0143
The 1 1 1 6 The - - - -
number of number
zero of  zero
weights weights
Table 7: Comparison of the model sé efficiencies
AR1 CCR CCRCOR Cross Efficiency
Pearson correlation 1 0.919 0.981 0.942
(p=0.000) (p=0.000) (p=0.000)
Spearman rho 0.747 0.972 0.820
(p=0.005) (p=0.000) (p=0.001)

According to the results in Table 7. the CCR and the CCRCOR models had the Pearson correlation
(Spearman rho) equal to 0.919 (0.747) and 0.981 (0.972). respectively. The maximum relationship was
between the AR1 and the CCRCOR models (Pearson correlation: 0.981. Spearman rho: 0.972).

CONCLUSIONS

In the study, the CCRCOR and the AR1 models achieved remarkable similar results in terms of ranking.
Furthermore, we obtained the best ranking by CCRCOR model.
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ABSTRACT

This paper investigates theost effieency(CE), technical efficiend§TE), allocative efficencfAE), and scale
efficiency(SE)over 34 regional public hospitals in South Korea from 2007 to 2010 uSmig Envelopment
Analysis DEA). The CE, AE, TE, and SBf these hospitals during the periade 0.52, 0.71, 0.74and 0.85 on
average,respectively It implies that even though half of the regional public hospitalscamparativelyefficient
allocatively and technically, they have not been good at selecting thentdstal input mixIt also indicateghat

some hospitals are lost from not having thigh average product that one would have at the most productive scale
size.

Keywords Regional Public Hospitals; Cost Efficiency; Allocative Efficiency; Technical Efficiency; Scale Efficiency

INTRODUCTION

In South Korea, private hospitals have recently experienced fall in their profit, and the matters of
management innovation and restructuring have been stressed. This phenomenon has affected public
hospitals since the level of subsidy from the government or municipals has decreased. Therefore, the need
for a result-oriented monitoring system is emphasized even to the regional public hospitals. When it
comes to a result-oriented economic performance for hospitals, the issue of efficiency is an important
matter. Especially for public hospitals, it can be a useful tool for analyzing the improvement level of their
efficiency under the resource limitation. Moreover, seeking for the efficiency through cost-saving

measures can lead increasing competitiveness of these hospitals.

The cost analysis of hospitals was introduced by Cohen (1967), Feldstein (1968), Lave and Lave (1970),
Lave, Lave and Silverman (1972), considering the hospital differences, in terms of size, patientsi case
mix, and severity of diseases. Cohen (1967) explored cost variations in size among general, "short-termA
hospitals, and found that hospitals between 150 and 350 beds are most efficient for ordinary patient care.
Newhous (1970) and Evans (1971) analyzed economic performances of non-profit organizations. While
Evans (1971) suggested a concept of ' behaviourall" cost function for non-profit hospitals, Newhous

(1970) applied an economic model to the analysis of non-profit institution. Barry (1976) analyzed an
economic framework for examining the utilization of short-term general hospitals with three variables
such as the bed rate (the number of beds per thousand population), the occupancy rate (the average bed is

occupied), and the admission rate (the number of admissions per thousand population) in Standard
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Metropolitan Statistical Areas (SMSAS) in 1967. Bays (1980) examined the errors on the specification
modelling of the hospital cost functions, and points out that a physician variable should be considered,
when it comes to the cost function of hospitals. Recent analysis by Prior and Sola (2001) found strong
economies of scope or economies of diversification in Catalan hospitals using the data from 1987 to 1992.
Exploring scope economies by cost frontier along three different dimensions, Kittelsen and Magnussen
(2003) also found strong economies for surgical and medical services, intermediate for inpatient and

outpatient production, while elective and emergency care cases have only weak economies of scope.

In South Korea, most previous studies have mainly focused on the efficiency of hospitals. Yang et al.
(1997) measured technical efficiency of 31 tertiary hospitals using both CCR (Charnes, Cooper and
Rhodes, 1978) and BCC (Banker, Charnes, and Cooper, 1984) models, finding that 13 of 31 hospitals
were efficient by using BCC model, and the financial status was not related with hospital efficiency while
the size, quality of care, value added per capital, and revenue per patient were related with its efficiency.
Kim (2005) explored the technical efficiency of 135 general hospitals and the determinants of their
efficiency using the two-part model over Tobit, showing that the efficiencies of the public hospitals were
much lower than private hospitals. Yoo (2007) suggested the methodology to improve the measurement
of efficiency for public hospitals using DEA, and emphasizing that the environmental variables such as
population should be controlled, and slacks-based measure of efficiency (SBM) should be considered not

only to solve the problems of the previous studies but also to estimate more precisely efficiencies.

Since the plans for management improvement in regional public hospitals have been at the center of
heated debate in South Korea, reducing inefficiency in management of these hospitals would contribute to
improve their efficiency. In this context, the aim of this study is to measure the cost efficiency of regional
public hospitals in South Korea from 2007 to 2010, considering the public achievement for the
disadvantaged by hiring the number of patients as output, utilizing cost function for estimating overall

cost efficiency along with DEA.

METHODS

DEA, a non-parametric method, does not assume the specific functional form to estimate the parameters.
It derives the efficient frontier using the observational data for the inputs and outputs of production units
based on linear programming, and measures the inefficiency by checking how production units are far
from the efficient frontier. Charnes, Cooper, and Rhodes (1978) newly construed the concept of Farrell's
relative efficiency, and developed it as the ratio model between multiple inputs and multiple outputs,
which is called CCR ratio definition. The CCR ratio definition includes both technical and scale
inefficiencies via the optimal value of the ratio definition. It has been used in efficient frontier evaluation

in private and public areas such as banks, schools, and hospitals since it uses mathematical programming
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models without a priori assumptions. The work of Banker, Charnes, and Cooper (1984), a second DEA
model, which assumes variable returns to scale (VRS), was developed to separate pure technical
efficiency from scale efficiency.

Input- Saving Efficiency Measures

The technology set is defined as:

T={(x, y):xandy nonnegative; x can produge y (1)
The input sets are defined for any output vector, y, as:

L) ={x:(x,y) T} )
Let us assume that input prices W* = (W,,..., W,,,) are known for each hospital. If we know input prices

and input quantities, we can compute total cost(Ck ) for each hospital, k=1,...,K, and it can be defined as
follows;

N

CH = & W X, = WX 3)
n=1

where W* denotes input prices represented by wage per doctor, wage per nurse, price of bed, and price of

capital, and X* denotes input variables represented by number of doctors, number of nurses, capital
stock, and number of operating beds in a hospital. This cost function assumes that a hospital minimizes
total cost, given patients demand for hospital services, input prices, the capital stock, the number of
admitting doctors and nurses.

The Cost Minimization

The general statement of the cost minimization is defined as:

N
C(y, W) =inf{& WX, : (%, %) T L(Y)} 4)

n=1
Many economists define technical efficiency the same way as Farrell did. Farrell distinguishes between
technical efficiency, allocative (price) efficiency, and overall efficiency. Figure 1 shows the classic
framework by Farrell which makes it possible to decompose overall efficiency into technical and
allocative efficiency. Consider the case of a simple output () that is produced by using two inputs (X4,
X5). Under the assumption that the production function Y=f(Xy, X;) is linearly homogeneous, the efficient
unit isoquant, Y=1, shows all technically efficient combinations. In Figure 1, the technical efficiency can
be expressed as the ratio between optimal and actual resource use (OR/OP). By taking into account the iso
cost line (representing relative factor prices), we can identify allocative efficiency. Allocative efficiency
can be expressed as the ratio between minimum and actual cost (OS/OR), and overall efficiency (OS/OP)
is the product of technical and allocative efficiency.
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Figure 1. Technical, Allocative, and Overall Efficiency

RESULTS AND DISCUSSIONS

Table 1 represents cost efficiency (CE), allocative efficiency (AE), technical efficiency (TE), scale
efficiency (SE) under constant returns to scale (CRS). According to Table 1, the overall cost efficiency,
allocative efficiency, and technical efficiency are 0.52, 0.71, and 0.74, respectively. Although more than
half of the hospitals are efficient allocatively and technically, they have not been good at selecting the
cost-minimal input mix. Taking a closer look, in terms of the cost efficiency, Jeju (0.85) is ranked first,
and Chungju, Anseong, Seoul, and Paju are following in order after Jeju, showing the cost efficiency of
0.70. With respect to allocative efficiency, Jeju (0.85) still shows the highest level of the allocative
efficiency, and Seoul is ranked second. While Suncheon, Jinju, Uljin, Gongju, and Daegu show the
relatively low level of the cost efficiency, which is lower than 0.40, they show much higher level of the
allocative efficiency. When it comes to technical efficiency, Jeju shows the maximum efficiency (1.00),
and Paju (0.97), Chungju (0.94), Anseong (0.93), and Icheon (0.92) are following in order after jeju. This
implies that most of the regional hospitals are allocatively and technically efficient comparatively,
however, inefficient in selecting the cost-minimal input mix, except for Jeju. SE expresses how close a
hospital is to the optimal scale size: the larger SE, the closer the hospital is to the optimal scale. The size
of SE can be calculated by comparing the necessary inputs on the efficient VRS frontier and the necessary
inputs on the CRS frontier. It indicates the likely gains from adjusting hospital scale. The concept of
looking at the scale efficiency is appealing since it gives a measure of what could be gained by adjusting
the size of the hospital. In a hospital, this can shape the strategic planning process and help hospitals
decide whether to choose an expansion or a contraction strategy. The overall scale efficiency is 0.85. Not
surprisingly, Jeju indicates the optimal size of one (1.00) and more than half hospitals show relatively
high level of the size, This implies that some hospitals, such as Gangjin, Suncheon, Uljin, and Yeongwol,
are lost from not having the high average product that one would have at the most productive scale size
since scale efficiency measures the ability to operate where the average output bundle per input bundle is
maximum.
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Table 1: CE, AE, TE and SE of Regional Public Hospitals in South Korea (200Z010)

Hospitals CEcrs AEcrs TEcrs TEvrs SE
Gangin 0.47 0.75 0.62 1.00 0.62
Suncheon 0.33 0.66 0.56 0.89 0.61
Seogiwipo 0.63 0.73 0.85 0.90 0.94
Jeju 0.85 0.85 1.00 1.00 1.00
Jinju 0.36 0.62 0.64 0.81 0.74
Masan 0.46 0.72 0.64 0.74 0.82
Uljin 0.34 0.66 0.56 0.99 0.57
Gimcheon 0.50 0.71 0.71 0.76 0.92
Andong 0.54 0.69 0.80 0.84 0.95
Pohang 0.46 0.68 0.70 0.83 0.83
Mokpo 0.53 0.72 0.75 0.95 0.78
Namwon 0.40 0.67 0.62 0.67 0.90
Gunsan 0.46 0.74 0.63 0.69 0.93
Seosan 0.55 0.69 0.80 0.85 0.93
Hongseong 0.55 0.70 0.81 0.83 0.97
Gongju 0.32 0.57 0.64 0.81 0.75
Cheonan 0.56 0.71 0.80 0.99 0.80
Chungju 0.71 0.76 0.94 0.95 0.98
Cheongju 0.56 0.69 0.82 0.83 0.99
Seoul 0.70 0.82 0.82 0.85 0.97
Busan 0.42 0.69 0.66 0.67 0.98
Daegu 0.38 0.70 0.57 0.67 0.83
Incheon 0.50 0.70 0.73 0.75 0.97
Wonju 0.51 0.72 0.69 0.73 0.93
Gangneung 0.50 0.66 0.77 1.00 0.77
Sokcho 0.46 0.72 0.66 0.90 0.72
Yeongwol 0.38 0.68 0.63 0.95 0.65
Samcheok 0.44 0.74 0.59 0.89 0.65
Suwon 0.40 0.69 0.61 0.77 0.77
Uijeongbu 0.61 0.74 0.81 0.83 0.97
Icheon 0.67 0.73 0.92 1.00 0.92
Anseong 0.70 0.75 0.93 1.00 0.94
Paju 0.70 0.73 0.97 1.00 0.97
Pocheon 0.62 0.73 0.83 0.88 0.92
Average 0.52 0.71 0.74 0.86 0.85

Notes: CEcrs, AEcrs, and TEcrs denote cost efficiency, allocative efficiency, and technical efficiency under CRS.

TEvrs and SE denote technical efficiency under VRS and scale efficiency, respectively.

CONCLUSIONS

This paper estimates the cost efficiency of the regional public hospitals in South Korea from 2007 to 2010
using DEA. The overall cost efficiency, allocative efficiency, technical efficiency and scale efficiency are
0.52, 0.71, 0.74, and 0.85, respectively. Jeju is ranked first, Paju and Chengju, Anseong, and Incheon are
following in order after Jeju. It implies that even though half of the regional public hospitals are
comparatively efficient allocatively and technically, they have not been good at selecting the cost-
minimal input mix. The overall scale efficiency is 0.85. Not surprisingly, Jeju indicates the optimal size of
one (1.00) and more than half hospitals show relatively high level of the size, This suggests that some
hospitals, such as Gangjin, Suncheon, Uljin, and Yeongwol, are lost from not having the high average
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product that one would have at the most productive scale size since scale efficiency measures the ability
to operate where the average output bundle per input bundle is maximum.
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ABSTRACT

Aggressive crosevaluation and supetefficiency in DEA are used to analyze efficiency of inviting foreign
investmentn cities ofBeibu Gulf Economic ZanIn the unchanged economics of scale, efficient detignits are
ordered by supeefficiency. Next, the input and output model in foreign actual direct invesiméuilt by step
regressionResult shows thahé high efficiency in inviting foreign investment is different between aggressive cross
evaluation and supeefficiency, but th low efficiency in inviting foreign investmentsame both of thenThe
relationship between input and output disclosed that foreign capital to be utilized through the newly signed
agreements and contracts has impact on foreign actual direct investihentesearch provigehoice of efficiency

in DEA forscholarsand an efficient way of foreign actual direct investment in Economic Zone for economic policy
maker.

Keywords Inviting foreign investment; DEA; Crosaluation; supeefficiency; Beibu GulEconomic Zone

INTRODUCTION

Beibu Gulf is an only port connecting Chinese Southwest with Southeast Asian Nation. In order to build
friendly business relationship between China and Southeast Asian Nations while promoting regional
economy, China sets up Beibu Gulf Economic Zone and gives some preferential policies in business
investment both foreign investor and mainland investor. Since 2009, real utilization of foreign capital in
the cities of Beibu Gulf Economic Zone was 800 million, which covered 46% of real utilization of foreign
capital in Guangxi province (www.peoplegx.com.cn).

According to DEA, DEA is based on relative efficiency by comparison of inputs and outputs which are
some type departments in an unit. Three port cities, Qingzhou, Fangchenggang, and Beihai, are closed to
each other in Guangxi Province, and they are the developing cities in China with similar GDP. The three
cities are near Nanning which is capital and business center in Guangxi Province. Those cities in Beibu
Gulf Economic Zone run cross-country Industry Parks. Currently, many foreign businessmen invest in
China-Malaysia Qingzhou Industrial Park, China-Indonesia Fangchenggang Industrial Park, China-Beihai
Electronical Industrial Park, and Guangxi Asean Economic and Technological development Zone in
Nanning and so on. Some parks get support from Chinese government and Southeast Asian Nations. For
example Chinese government cooperates with Malaysia government in CHINA-MALAYSIA
QINGZHOU INDUSTRIAL PARK from 2011 to now.

METHODS

A cross-evaluation can evaluate mutually to overcome disadvantage of decision unit which is made by
self-assessment in traditional CCR model. Aggressive corss-evaluation is used by DEA in this research. A
law of steps is E; is made by self-assessment of DMU; and then efficiency in DMU; is made by weight
of DMU;. j=1,2,N , n, jq i. After decision unit ordered, the bigger e; is, the better DMU; becomes (Sexton,
et al., 1986).
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An aggressiverossevaluation

The aggressive cross-evaluation is used in the research. The advantage of aggressive cross-evaluation is
to solve uncertainty of ¢, and v, . Ei is unsure in traditional cross-evaluation Doyle and Green,

1994 . A decision unit is effective by comparison the weighted input and output in many indexes in this
unit Peng, et al., 2004

Stepl: Every DMU; (1" i" n) in C*R model is maximized. (Charnes, et al., 1978)
Step2: Self-assessment for E;; in DMU; (17 i n),

Step 3: According to i {1,2,N }, ke {1,2,N ,n}, then a linear program is as following,

£ min y,u
%sz‘.yfu ¢ X/-TV(]. ¢/ ¢ n),y,-ru =E xv,x,v =Lu20vz20
Yl
Step 4: Optimum solution ¢/, v}, , and then Cross-value £, = X’;V’*k = Y,
kY ik

Step 5: Cross-evaluation matrix from cross-value

¢, B, £,0
E=g5 E, By
&, E, Ef

The principal diagonal is value in self-assessment. The off-diagonal is cross-evaluation. E is assessment
value DMU; from decision unit. The bigger is value, the better is DMU;. Average number is in | of E.

DMU; , being standard, to measure index, e; is regarded as total evaluation of DMU,. The bigger is e;, the
better DMU; is ( Doyle and Green, 1994 ).

Superefficiency

Banker and Gifford (1984) think that on the basis of CCR, super-efficiency in DEA model is built to deal
with sequence in efficient DMU. Economies of scale are unchanged in aggressive cross-evaluation. In
fact, a change in economies of scale should be considered in evaluation. Economies of scale in BBC

model can be changed without restriction (g ). Super - efficiency model can solve with the problem
( Qing and Jiang , 2013).

Mag, = 8., my,o + m

sr'éle myl‘/ - alln:lVIXI/ + m¢ O’é:n:ll/l)(lo = 1

i=1,2N , m; r=1,2N ,s; j=1,2,N ,n;
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When restriction is cancelled, the efficient value = 0 means DMU; is efficient and the efficient value in
non-efficient DMU is unchanged. Under the condition, efficient DMU is ordered.

Until 2013, Beibu Gulf Economic Zone have established 5 years. GDP have increased from 176.5 billion
yuan in 2003 to 431.6 billion yuan in 2012. The object of evaluation is Nanning, Qingzhou,
Fangchenggang, and Beihai. They are classified by a same type DMUi (1 i 4). DEA is involved with
many indexes because of frequent business and trade between Beibu Gulf Economic Zone in China and
Southeast Asian Nations.

RESULTS AND DISCUSSIONS
Aggressive crossvaluation

As is shown in table 1, input and output data comes from local government website. The data in 2012 are
collected in this research.

Table 1: Input and output data in DMUi (171" 4)

DMU, DMU, DMU;j; DMU 4
Nanning Beihai Fangchenggang  Qinzhou
Public budget expenditure 376.51  98.73 74.73 122.67
Inputs (100 million yuan)
Investment in fixed assets 2585.18 725.36 652.59 550.39
(100 million yuan)
Number of items newly signed (unit) 37 6 4 13
Foreign capital to be utilized through the newly signed 23916 3217 2794 24278
agreements and contracts (USD 10000)
Overseas loans (100 million yuan) 1.66 0.13 0.15 0.12
Gross Industrial output value in Foreign Funded 17472  61.00 285.84 51.12
Outputs enterprises ( Above designated size, at current prices,
100 million yuan)
Import (USD 10000) 162944 89438 407022 276466
Export (USD 10000) 251734 118323 82804 100190
Foreign actual direct investment 50255 5224 1850.0 47370
(USD 10000)
Number of tourists from foreign through 21.0 5.32 12.22 -
Guangxi(10000 person-times)
Foreign exchange earnings from international tourism 10705.5 3429.1 3576.7 1332.5
(USD 10000)
Gross domestic product 2503.18 630.09 443.99 691.32

(100 million yuan)

Source: http://www.gxtj.gov.cn/

The result for aggressive cross-evaluation is given, diagonal elements are self-assessment as the
following,

E;;=1.0000, E»=1.0000, E33=1.0000
E;i=1 indicates DMU; is relative efficiency.

Average cross-efficiency evaluation in every city is as following,
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e;=0.3125, e,=0.4821, €3;=0.4522, e,=0.4347
According to ei, from good to poor order is as following,
DMU, k DMUz;k DMU,k DMU,

According to cross-evaluation, DMU, shows that inviting foreign investment in Beihai do a better than
inviting foreign investment in Qingzhou, Fangchenggang, and Nanning. So Qingzhou, Nanning and
Fangchenggang need improve their efficiency in inviting foreign investment.

Superefficiency

Table 2: Superi efficiency in decision units

Decision units DMU DMU, DMU 5 DMU ,
Nanning Beihai Fangchenggang Qingzhou
Economics of scale in DEA 1.1712 1.6211 7.0289 10.4604

As is shown in table 2, the sequence from great to poor , DMU4-DMU3-DMU,-DMU;.  The result of
super-efficiency shows that DMU, is better than other DMU;. So Qingzhou in inviting foreign investment
do better than other cities in Beibu Gulf Economic Zone.

Stepwise regression

Prediction variable is input, response variable is foreign actual direct investment. In dependent is public
budget expenditure, investment in fixed assets, number of items newly signed, foreign capital to be
utilized through the newly signed agreements and contracts, and overseas loans. According to the
stepwise regression, except for foreign capital to be utilized through the newly signed agreements and
contracts, public budget expenditure, investment in fixed assets, number of items newly signed (unit) is
excluded. T =20.51 and P value (0.002<a) in regression indicates that the relationship between x and y
is significant in statistics. The variable for foreign actual direct investment is impacted by variable for
agreements and contracts significantly. R-Sq=99.53% and R-Sq (adjustment) =99.29% indicates that
foreign actual direct investment is explained by foreign capital to be utilized through the newly signed
agreements and contracts with 99.29% variance. It is a good model.

Fitted line

As is shown in figure 1, fitted line is made by the least square method. R-Sq indicates variable for log ,,

(direct investment ) is explained by 94.0% in model. F =31.24 and P=0.0031 in regression indicate that
when a=0.05 , model matches original data. The closed distance in fitted line is 95% confidence interval

in log ,, Y . The front of confidence interval is prediction interval of logarithm in new response value.
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Fitted line
logl0(investment) = 3.320 + 0.000057 agreements and contracts
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Figure 1: Fitted line
Log10( direct investment )=3.320+0.000057 agreements and contracts

The foreign capital to be utilized through the newly signed agreements and contracts increase 1 unit, the
foreign actual direct investment also increase lunits.

CONCLUSIONS

Cross-evaluation and super-efficiency distinguish efficiency and non-efficiency in inviting foreign
investment in cities of Beibu Gulf Economic Zone. The high efficiency in inviting foreign investment is
different city, but the low efficiency in inviting foreign investment is a same city. The corss-evaluation
indicates that Beihai introduced foreign investment is more efficient than other cities. The super-
efficiency indicates that Qingzhou introduced foreign investment is more efficient than other cities.

A stepwise regression shows that a relationship between foreign actual direct investment and various
outputs. Meanwhile, a fitted line discloses that a closed relationship between foreign actual direct
investment and foreign capital to be utilized through the newly signed agreements and contracts. The
agreements and contracts has impact on the foreign actual direct investment.

Data comes from official media website, if government publish new data which help the research, those
data will be added in input and output indeces in further research.
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ABSTRACT

Managerial efficiency is crucial in financing a rfuir-profit institution. Wagf or endowment is among one of the
Islamic financial institutions setip for the exclusive purpose to serve as a catalyst for economic growth and
development of Muslimb Malaysia, every state manages its own Wagf department under the governance of State
Islamic Religion Councils (SIRCs). As selagle trustees of Wadgfiids, SIRCs are responsible to manage all the
activities and transactions done for the development and collection of funds as well as to invest and distribute the
revenues from the fundklsing Data Envelopment Analysis (DEA), tleisnceptualstudy breakshe efficiency
measurement into two stages, i.e. the collection stage and the distribution stage. In this study, we will separate
collection function from distribution function. In the first stage, we will evaluate the efficiency of Wagf collection by
consdering the number of officers employed the number of banks who act as collection agents and the expenses
incurred in collecting Wagqf as the inputs. Subsequently, the second stage of efficiency evaluation will be carried out
on the distribution of Wagf. Ithis second stage, the distribution expenses will be included as an additional input to
produce the output which is the Waqf distribution.

Keywords Efficiency; Waqgf; DEA; SIRCs; Malaysia

INTRODUCTION

Wadf institutions in Malaysia can be categorized into public and corporate oriented entities. Public Wagf
entity is managed by the State Islamic Religion Council (SIRC) as it is ruled under the Malay Sultanate
religious jurisdiction. For each and every state in Malaysia, public Wagf funds were governed by its SIRC
respectively and chaired by the state ruler or Sultan. SIRCs are responsible for the management and
administration of Wagf institutions and to delivering services derived from Waqf funds towards the
benefit of the society. Waqf funds are used to serve the people such as through setting up of education
centres, worship houses (mosques), business outlets, public facilities and other such amenities.

Wadf is generally related to the religion and economic system of Islamic society which plays a significant
role since the beginning of the Islamic civilization. This Islamic institution was well spread and was
accepted as one of the foundations to build an ideal human society especially to cater basic necessities of
the needy and to fulfil its function as a system supporter as well as to provide free public infrastructures.
Wagf or religious endowment plays an important role in achieving equality and being a catalyst for
human development for the nation.

Endowment in this context refers to gift or money or income producing property which is channelled to a
public organization as such hospital, university or school and for a specific purpose, for example as a
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research or scholarship funding unit. Generally, the endowed asset is kept intact and only the income
generated by it is consumed.

From both definitions, it can be observed that Wagf and endowment are two similar things but are not the
same. Without doubt, the ultimate quest of Wagf is to worship Allah the Almighty and this motivation
differentiates Waqf from the endowment.

The institution of Wagf in particular refers to a foundation set up to maintain a property in perpetual
existence and making its income available for specified beneficiaries. This institution has been in
existence from the very early days of Islam. It has always played an important social and economic role.
The Wagf properties have traditionally financed expenditure on mosques, schools, research, hospitals,
social services and defence. Almost all Muslim countries have established this institution in one form or
another.

Hairul Suhaimi and Hisham (2011) in their paper highlighted that the revitalization of Waqf practices had
effectively resulted in the establishment of different forms of Wagqf institutions including corporate,
private (e.g. NGOs) and government controlled entities in different parts of the world. Irrespective of their
establishment forms, Wagf institutions are essentially entities with charitable aims, to which the
accountability concept is paramount in the context of their survival.

For the study purpose, this paper aims to look at the performance of Wagf institutions in the states of
Malaysia by measuring its institutional efficiency as these Wagf institutions are responsible to manage
properties and cash valued in millions of Ringgits. Yet in Islamic teaching, Waqf’s trustees are assigned
with an arduous task to ensure the continuity of the utilisation of Waqf properties under their care.

The issues investigated here will be the efficiency of the administration and management of Wagf
organization in Malaysia, and the analysis will further be extended to a comparative evaluation at national
level across the SIRCs in the country. The analysis that will be used is a hon-parametric analysis known
as Data Envelopment Analysis (DEA) to measure efficiency in the administration of the Wagf institutions
involved. In measuring the efficiency score, the study will need to include information of the input and
output data from the Waqgf bodies. The inputs consist of Wagf collection and management information
and the outputs consist of Waqgf development projects and works.

METHODS

The convenience of assessing the multiple input and output variables of these entities by not requiring
congruity and an apriori relationship makes it a very popular management tool in many application areas
(Akcay, Ertek, & Buytkozkan, 2012). According to the authors, DEA is a widely used benchmarking tool
to evaluate performances and efficiency.

Several papers discussed this in relation to banking or financial institutions’ efficiency (Berger, Leusner,
& Mingo, 1997; Berger & Mester, 1997; Drake, Hall, & Simper, 2009; Halkos & Salamouris, 2004;
Holod & Lewis, 2011). Since there is no publication as yet that discusses the use of DEA in measuring
Waqf institutions’ efficiency, the measurement of efficiency used for Islamic banks and Zakat department
will be referred to as the identified proxy method in measuring the efficiency of Wagf institutions.
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Sufian (2009), conducted a study to find the determinants of banking efficiency during Asian financial
crisis in 1997 from the Malaysian perspective. The study investigated Malaysian banking efficiency
during the crisis using the DEA approach. In his research, Sufian (2010) presented an analysis that
employed DEA method on quarterly data to construct the efficiency frontiers. Nor Hayati Ahmad,
Mohamad Akbar Noor Mohamad Noor, and Fadzlan Sufian (2010) further provided an empirical study
that measured Islamic banks’ efficiency throughout all the Muslim countries that were practicing Islamic
banking during period of 2003 to 2009. This vast research was dominated with macroeconomic findings
that revealed the countries’ banking characteristics and economic indicators which were linked with the
Islamic banking sector’s performance.

Norazlina Abd and Abdul Rahim Abdul (2011) in their paper discussed the efficiency measurement on
Zakah Collectors Board in Malaysia. The study examined the determinants of Zakah collection in Zakah
institutions and then measured the efficiency of the organization using technical efficiency (TE), pure
technical efficiency (PTE) and scale efficiency (SE).

In DEA, Berber, Brockett, Cooper, Golden, and Parker (2011) analyzed the efficiency of SPEs (Social
Profit Enterprises) and described social profit as “the amount of social and humanitarian benefit gained as
a result of investing in the well-being of others”. DEA provided estimates of potential improvements for
inefficient DMUs. The study indicated that in not-for-profit (NFP) organisations where market prices or
relative values of outputs are not readily available, DEA emerged as a particularly useful service
management technique.

Berber et al. (2011) divided the analysis into two stages i.e. Stage 1 for fundraising efficiency and Stage 2
for service provision efficiency. In the study, both stages were considered as two-stage linked DEA
analysis for NFP organisations. NFP organisations were noted as different from the private finance sector
or banking sector in the above literatures, yet their motive of operation was clearly different.
Nevertheless, these findings in finance sector can still be utilized as proxies in this analysis. For example,
banking sector uses identical input information which is the number of its staff.

Literally, two-stage DEA has been discussed in Halkos, Tzeremes, and Kourtzidis (2014) as an
imperative model for decision maker of a supply chain, a network processes within peer DMUs (Cook &
Seiford, 2009), innovative of two parallel sub-processes from a two-stage process (Yu, Shi, & Song,
2013), fuzzy multi-objective stages approach (W.-K. Wang, Lu, & Liu, 2014) and functioning to manage
undesirable input-output of two-phase model (Huang & Li, 2013). The idea was pioneered by Seiford and
Zhu (1998) and enhanced in detail by Y.-M. Wang and Chin (2010).

The existing multi-stage DEA models can be categorized into two; closed-system and open-system
models. In this study we choose an open-system where the second stage input not necessarily from the
first stage output. The overall efficiency is measured by:

B 6w

B vw

For the first stage efficiency score is set by:
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The second stage efficiency score is prescribed by:

Henceforth in this study, DMU is to represent SIRCs in Malaysia from thirteen states altogether. SIRCs
are managed by the state government and Waqf funds are run by each SIRC according to the states’ SIRC
policies. As in this conceptual analysis of Wagf SIRCs in Malaysia, panel data analysis of its efficiency
will consider all the internal information within the institutions to measure the score of efficiency. The
analysis will measure TE, PTE and SE of Wagf SIRCs in both constant return to scale (CRS) and variable
return to scale (VRS) scenarios.

The data analysis panel would consist both collection and distribution information from the thirteen
states’ SIRCs in Malaysia by measuring two-stage DEA analysis. The input information for Waqgf
collection (WC) efficiency will be the number of officer employed, number of agent banks and the
collection expenses. The output will be the Wagf collection in the value of currency. From these figures,
the efficiency of Wagf collection can be generated.

The analysis will be continued to the second stage which is to measure the Wagqf distribution (WD)
efficiency by the input information of the number of officer employed (for distribution) and distribution
expenses. The output information will be the Waqf distribution in the currency value. Then the
distribution of Waqgf efficiency score will be measured.

From both stages of analysis, the precise both dual efficiency scores of collection and distribution parts of
Wagf institutions in Malaysia can be acquired and this analysis would imply the motive of Wagqf as the
voluntary bodies, not-for-profit entities and social businesses.

CONCLUSIONS

From this conceptual modelling of the public Wagqf efficiency measurement with DEA, efficiency scores
according to the specific DMUs studied can be generated. TE measurement would be an accurate
indicator to the best management practice of each and every SIRC studied. From the scores obtained in
DEA, it would be possible to establish the range of efficiency scores from zero value which equals to zero
per cent efficiency to the value of one which equals to a hundred per cent efficiency score. The scores can
also establish a benchmark, particularly for the most efficient DMU (SIRCs) to act as the role model for
other DMUs in order to evaluate their performances.

Measuring both stages of collection and distribution of Wagf will provide detailed analysis of its
operation. Efficiency refers to how well the institutions are using its resources (e.g. the staff, expenditure,
etc.) to meet its objectives of socio-economic justice (e.g. long-term objective of reducing poverty) while
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governance refers to the process and structure in directing and managing the affairs of the Waqf
institution.
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ABSTRACT

Economist has recognized that public expenditure plays an important role as the engine of economic growth and
capital formation. Realizing the importance of government expenditure, taxpayers also demand efficient use of
public spending. Consequentl|l vy, | at est devel opment i n t
towards empirical assessmentistbe efficiency and effectiveness of public sector activities (Afonso et &), 200
Hence, the objectives of this paper is to evaluate the impact of public expenditure effiBEEgyIf private
investment. To achieve the objectives of the study, ifirthestage, we employed tli¥ata Envelopment Analysis

(DEA) nonparametric technique to calculate input and output efficiency scores for the period df 2080. In the

second stage, after having estimated the efficiency scores, we analyzed ttoé REE&adn private investmenthe

results indicate thataucationand agriculture and rural developmemxpenditure are relatively more efficient than

other public expenditures in the provision of public outputs. The results also show positive gifibticaitilities,
agricultural and rural development, housing, and communicagigpenditures on private investment. On the other
hand, there is a negative effect of health efficiency on private investment.

Keywords Data Envelopment Analysis; Public Expende Efficiency; Private Investment

INTRODUCTION

Economist has recognized that public expenditure plays an important role as the engine of economic
growth and capital formation. Government spends money for achieving various economic and social
objectives. Public expenditures in education and infrastructure are allocated by the government for
improving social well-being and public facilities. Lucas (1988), for instance, argues that public spending
in education increases the level of human capital which contributes to knowledge-based economy and
hence, economic growth. Meanwhile, Zagler and Durnecker (2003) argued that fiscal policy instrument
such as government spending in education, public infrastructure, research and development (R & D), and
health have long-run effects to the country’s economy. Therefore, public expenditure received
considerable attentions from both government and taxpayers due its implication on economic
performance and social well-being. In addition, realizing the importance of government expenditure,
taxpayers also demand efficient use of public spending. Consequently, the latest development in the area
of public finance has been shifted towards empirical assessments of the efficiency and effectiveness of
public sector activities instead of the relative size of the government (Afonso et al, 2005, 2006).

Efficiency is defined as the ratio of outcome relative to the resources employed. Applying this simple
definition to public expenditure, it is considered efficient if the government is able to maximize its
economic activities given a level of spending or if the government is able to minimize its spending given
a level of economic activities. The economic efficiency of public expenditure is considered as an
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important element in economic development process. Outstanding economic performance can be
achieved or maintained if public expenditure is efficient. The role of efficiency cannot be deniable and
it has a great necessity in order to achieve high economic performance and social welfare. Page (1980),
for instance, has suggested that poor economic performance may arise largely from low levels of
efficiency. Efficiency is achieved if natural resources are transformed into goods and services without
waste, that producers are doing the best job possible of combining resources to make goods and services.
Therefore, efficiency means that there is no waste of material inputs. There are no workers standing idly
around waiting for spare parts. The maximum amount of physical production is obtained from the given
resource inputs. Hence, the objective of this paper is to evaluate the impact of public expenditure
efficiency (PEE on private investment.

The rest of the paper is organized as follows. In the next section, we discuss methodological aspects of
the empirical implementation. In the third section, we present and discuss the main results of the
empirical analysis. Finally, a brief conclusion is provided in the last section.

METHODS

This study use secondary data on the specific types of public expenditures for the period of 1980 — 2010.
Eight types of public expenditures, namely education (EDU), health (HEA), public utilities (PUB),
agricultural and rural development (ARD), trade and industry (TRI), housing (HOU), communication
(COM) and transportation (TRN), have been selected for the analysis of PEE These types of public
expenditures are selected based on the importance of each type of expenditure to economic development
and based on availability of data. The secondary data are acquired from official government reports
published by Ministry of Finance and Department of Statistic through library research. In addition, some
data have been gathered from internet.

PEE is measured as a difference between the actual spending and the theoretically possible minimum
spending that is sufficient to produce the same level of actual output. Efficiency measures are computed
by comparing government expenditures for certain services with the actual outcomes. Input efficiency
measures an excess input consumption to achieve a level of output. Meanwhile, output efficiency
measures output shortfall for a given level of inputs. Measures of efficiency are based on ratios of
observed output levels to the maximum level that could have been obtained for a given inputs level. This
maximum level constitutes the efficient frontier which will be the benchmark for measuring the relative
efficiency of the observations. In this study, efficiency measures how efficient our government is in
spending its budget to achieve its objectives.

For the purpose of this study, the DEA technique (Afonso and St. Aubyn, 2006) has been employed to
compute PEE We employed the input-oriented VRS model. The use of this orientation is based on the
assumption that the government minimize input in each type of public expenditure given a fixed amount
of expenditure or a pre-determined budget size. Equation [1] shows the Banker et al (1984) model for
calculating technical efficiency.

401


javascript:pop_dsp('pop_gls.pl?k=natural%20resources',500,400)
javascript:pop_dsp('pop_gls.pl?k=production',500,400)

min &

subfectto

#

¥ x._.‘q.E.‘qg i=12..m
B J U
J=1

& 1)
¥ OALV. r=12_.5
___ ..p"v;l..l" = o

J=1

#

T oA.=1

j=1"

A.=0 J=12_.m

J

where DMU, represents one of the n DMUs under evaluation, and x_andy, are the ith input and r"
output for DMU, respectively. Furthermore, /, are unknown weights, where j = 1, 2, ...n represents the

number of DMUs. The optimal value of g™ represents the distance of type of public expenditure from
the efficient frontier. Hence, the most technical efficient public expenditure will have g*=1 and the
inefficient public expenditure exhibit g*<1.

The VRS model is a better representation of efficiency analysis with the assumption that output levels
cannot be reduced proportionately with the levels of input. By solving the above mathematical
programming problem, we are able to get PEEscores for each country’s sector in each year for the period
1980 — 2010.

In order to measure the interaction of PEE with the market and to get more comprehensive picture of how
PEE affect real economy, we have conducted an impact analysis of PEE on private investment.  For
achieving this objective, the multiple regression method has been employed in the analysis. In this
analysis, we have concluded the PEE scores as explanatory variables. Each score is included separately
in eight separate equations. The general semi loglinear regression models that have been employed can
be expressed by Equation [2].

InPRI, = f(PEE,, X,;b,)+€,t=12,.31;i=12,.,6 andj=12,..,8 )

1

where, INPRI, is the natural log of private investment at time t, X, :(Xlt,...XGt) is the other

independent variables at time t, & is the coefficient of equation, and e is the error term. In Equation

[2], the independent variables are represented by coefficient of PEE for each type of public expenditures
(EDU, ARD, HEA, TRI, PUB, HOU, COM and TRN), GDP, government investment (GINV), consumer
price index (CPI), and term of trade (TT). Separate regressions were run for each type of public
expenditures.

RESULTS AND DISCUSSIONS

By using the VRS-input oriented of measuring efficiency, the estimated PEE scores are presented in
Table 1. The DEA scores have changed over time within the time period. These scores show there are

402



variations in the PEE across the period of study and types of public expenditures. The results indicate
that EDU and ARD are relatively more efficient than other public expenditures in the provision of public
outputs since their scores are the largest in almost every year. TRNhas relatively low value of efficiency
scores. Meanwhile, HEA has low value of efficiency score after the year 1998, with scores below 10
percent or 0.1.

Estimation results of the effect of PEE on private investment are shown in Table 2. Out of eight
estimated equations, only three equations produced good results. Only coefficients of PEE for HEA,
PUB, and COM are statistically significant at the five percent significance level. The positive coefficient
of PEE for PUB and COM implies positive effect of efficiency of these expenditures on private
investment. Private investment increases by 75.1 percent and 74.5 percent if efficiencies of PUB and
COMincrease by one percent, respectively. These results are in line with the latest study by Zugasti et al.
(2001). By examining the impact of public infrastructures on the performance of Spanish private business
at a disaggregate industry level, their results strongly suggest that efficiency in these expenditure can be
considered to be an instrument to improve competitiveness by reducing production cost, and further
increase private investment.

Table 1: Efficiency Scores of the Public Expenditures Using Variable Return to Scale

Year Type of Government Expenditures

EDU ARD HEA TRI PUB HOU COM TRN
1980 100.00 82.92 100.00 34.93 0.57 17.08 33.85 0.36
1981 70.90 64.32 61.14 18.01 54.82 8.65 0.19 0.31
1982 57.72 61.30 45.13 49.42 48.24 6.84 0.10 0.20
1983 63.91 79.88 44.70 44.46 41.34 19.93 0.08 0.26
1984 65.61 84.81 49.20 74.82 38.14 11.21 0.06 0.39
1985 80.44 67.66 52.31 92.95 55.65 10.78 0.11 0.47
1986 77.16 77.89 47.72 100.00 65.34 5.57 0.09 0.37
1987 100.00 100.00 100.00 86.07 69.99 53.92 72.68 0.51
1988 99.60 93.64 76.92 66.28 70.24 59.95 19.47 0.41
1989 71.39 84.82 24.52 59.83 100.00 23.86 41.99 0.30
1990 58.01 70.29 11.42 19.95 61.79 100.00 47.69 0.26
1991 78.68 80.53 9.36 57.35 75.54 64.51 100.00 0.27
1992 86.98 81.06 8.92 88.80 64.53 21.71 29.64 0.27
1993 93.95 70.06 12.66 82.92 92.25 13.44 26.50 0.20
1994 57.48 65.23 15.18 57.65 74.85 6.88 3131 0.23
1995 55.86 66.06 13.87 67.19 96.43 7.96 13.01 0.17
1996 57.35 77.05 11.74 72.67 91.14 9.61 100.00 0.13
1997 58.24 84.65 12.04 72.05 47.04 25.54 75.70 0.18
1998 63.73 100.00 7.56 29.24 36.51 20.44 80.70 0.21
1999 61.46 90.41 6.48 35.57 39.71 24.53 0.89 2.49
2000 35.10 86.35 4.25 28.11 50.20 25.61 1.46 3.26
2001 24.20 67.98 3.47 21.78 72.19 15.98 1.18 221
2002 23.65 78.50 3.65 31.25 45.49 11.79 1.53 2.74
2003 37.85 69.14 2.05 33.01 96.29 12.47 1.19 1.91
2004 75.54 38.88 2.34 100.00 100.00 21.69 4.55 5.80
2005 100.00 41.65 454 39.32 67.44 20.15 6.64 7.41
2006 64.78 26.78 4.28 39.30 46.69 6.73 85.58 100.00
2007 50.87 32.35 3.70 28.49 46.24 2.36 7.49 9.95
2008 42.08 29.71 3.36 31.93 39.77 3.48 2.68 3.26
2009 30.63 20.78 2.16 31.09 38.55 2.75 1.54 1.94
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2010 40.42 21.83 1.47 22.81 21.36 2.50 1.50 1.86

Table 2: Estimation Results of the Effect of Public Expenditure Efficiency on Private Investment

Variable Coefficient Std. Error t-Statistic Prob. R? F-Statistic
C 10.474 0.221 47.479 0.0000* 0.787 18.492
HEA -1.532 0.342 -4.474 0.0001*

GDP 3.23E-06 2.48E-06 1.300 0.2055

GINV -2.65E-05 1.63E-05 -1.627 0.1163

CPI 4.90E-05 0.000461 0.106 0.9162

TT 3.47E-07 1.31E-06 0.264 0.7936

Variable Coefficient Std. Error t-Statistic Prob. R® F-Statistic
C 9.200 0.292 31.506 0.0000* 0.672 10.225
PUB 0.751 0.367 2.044 0.0517*

GDP 1.37E-06 3.02E-06 0.452 0.6552

GINV -6.79E-06 1.93E-05 -0.352 0.7275

CPI 3.33E-05 0.000578 0.058 0.9545

TT 1.15E-06 1.61E-06 0.712 0.4828

Variable Coefficient Std. Error t-Statistic Prob. R? F-Statistic
C 9.363 0.189 49.485 0.0000* 0.718 12.711
COM 0.745 0.249 2.990 0.0052*

GDP 2.54E-07 2.76E-06 0.092 0.9274

GINV 1.31E-05 1.86E-05 0.703 0.4883

CPI -0.000251 0.000529 -0.476 0.6384

TT 7.43E-07 1.50E-06 0.494 0.6257

Note: * - Estimates are significant at 5 percent level of significance.

On the other hand, the negative coefficient of PEE for HEA shows that as efficiency of this expenditure
increases by one percent, private investment decreases by 153.2 percent. Among independent variables,
the effect of PEE of HEA on private investment is the largest. This result is in contrast to common
argument of positive effect of the efficiency of health expenditure on private investment. This result can
be explained by the fact that health expenditures in Malaysia are more concentrated on/and related to
prevention activities. In addition, high public expenditure for health may increase fiscal budget deficit.
This problem may crowd-out private investment due to the fiscal deficit pressure on government
financing. In this regard, the allocation on this type of public expenditures should be redirected within a
budgetary category which is important in giving positive effect to private investment. Health spending
may be diverted from prevention activities to hospital care that may encourage more participation among
private entities.

Furthermore, all coefficients of control variables are not statistically significance at five percent
significant level. Meaning that, these control variables do not have any significant effect on private
investment in this model setting. However, all variables, taken together have significant effect on private
investment because the value of F-statistic is statistically significant at the five percent significant level.
In addition, the values of R? in all regression results are considered high. More than 60 percent of
variation in private investment is explained by independent variables in all loglinear regression models.

The positive efficiency coefficient of public utilities and communication expenditures implies positive
effect of efficiency of these expenditures on private investment. The PEEsof HEA, PUB, and COM have
significant effect on private investment at the five percent significance level. The empirical results clearly
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indicate that PEEsof ARD, PUB, HOU and COM have high impact on private investment and growth.
Higher efficiency of these public expenditures except for HEA encourages more private investment and
economic growth. Therefore, higher budgetary allocation to ARD, PUB, HOU and COM will translate
into improvement of economic and social outcomes.

CONCLUSIONS

By conducting an impact analysis of PEE, we suggest that a more prudent approach in achieving efficient
public expenditure allocation is important. This study also provides recommendation on operational rules
regarding which component of public expenditure should be given more priority. This is argued as
composition effect by Devarajan et al. (1996). An equally important consideration for policy-makers is
undoubtedly the preservation and effective provision of public services and maintenance. Good
maintenance of public facilities is actually influenced by efficiency of the provision of public
expenditures. For instance, good maintenance of infrastructure services through proper and efficient
public administration give positive impacts on the economy. Similarly, provision of certain public
expenditures actually needs to be done efficiently because it can contribute significant impact on private
investment and economic growth. Therefore, as argued by Mcgrattan and Schmitz (1999), maintenance
activity can be considered both as a complement and a substitute for new investment.
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ABSTRACT

Multiple mergers and acquisitions (M&Rin a period of years may give rise the accumulation of organizational
inefficiencies. Inlight of the foregoing, His study was done by taking into account the conseqs@fcaultiple

M&As undergone by the fecommunication companies in Asecountries using yedry-year progctions. The

study employed théharnes CooperRhodes (CCRmodelto calculate the technical efficiency (TE) of companies
during the period 200@011. Subsequently, regression analysis was employed to exHmiri@ctors that
influenced the efficiency of the companies. The empirical findindisate that there existsa significant
relationship, of negative value, between sequence of M&A and TE, in the total asset model. The findings also
indicated that the relationship between size il are significant and negativ&his paper also discued the
importance of having merger control under Competition Law and suggested that there is a need for improvement
of merger controtegulationsto sustain the relative efficienof companiesThese findings might also be helpful to

the relevant authoritiesiicoming out withuseful guidelines for companies contemplating multiple M&A.

Keywords Efficiency; dita envelopment analysis; mergers armmjaisitions; Telecommunication industry;
Asean countries

INTRODUCTION

Initially, mergers and acquisitions (M&A) were a popular strategy for many firms in North America only.
Subsequently, starting from the fifth merger wave of the twentieth century, M&As spread to Europe, Asia
and Latin America (Carbonara and Caiazza, 2009). Due to the fact that telecommunication sector holds
the highest involvement in M&A globally (Buckley, 2010), this paper examined the efficiency of public
listed telecommunication companies based in Asean countries over a 12-year period i.e. from 2000 to
2011. Table 1 below shows the selected Asean countries with the number of telecommunication
companies involved in M&As. The term, merger, is commonly defined as a combination of two equal
size companies to form one company while acquisition is a purchasing by a large company of a smaller
company.

Table 1. List of Selected Asean Countries

Countries Population* Sample M&A Companies Completed M&A Deals**
Malaysia 89 88 46 113
Indonesia 48 46 9 10
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Philiphine 31 31 8 16
Thailand 31 31 6 7

Singapore 68 68 32 55
Total 267 264 101 201

*Based on General Industrial Classification Standard (GICS) description under Osiris
** |dentified from Thomson M&A Database and Osiris M&A database

In many cases M&As intensity and M&As sequencing have negative impact on performance (Barkema &
Schijven, 2008) and technical efficiency (Salleh et. al, 2013 and 2013a). Intensity denotes the number of
M&As in any particular year whereas; sequencing refers to the accumulated number of M&As over any
given period of years. Hence, the objective of this study is to evaluate the impact of M&A intensity and
M&A sequencing on the technical efficiency. The contribution of size of the companies towards technical
efficiency is also considered.

METHOD

This study intends to provide a broad view of the effects of M&A and involve two stages of analyses. In
the first stage, the data envelopment analysis has been applied by using the CCR model to calculate the
technical efficiency using the total asset model. The second stage involves the regression analysis to
examine the influence of the characteristics such as M&As intensity, sequence of M&As and size of the
companies on the TE.

Specification of telecommunications input and output:

The definition and measurement of input and output in the telecommunication industry is subject to some
dispute amongst researchers. Telecommunication firms are usually multi-input and multi-output firms. On
account of this, defining ‘input’ and ‘output’ is subject to some difficulty, this is because many of the
telecommunication services are produced jointly and prices are usually for a variety of telecommunication
services. Besides, telecommunications may not be homogeneous in regards to the types of outputs
actually produced. Kwon et. al, (2008) and Salleh et. al (2013, 2013a) who measured mergers and
acquisitions in the telecommunication industry, employed revenue as an output, while current asset and
fixed asset or property, plant and equipment are considered for inputs. Companies carry out M&A’s in
order to strengthen themselves by acquiring increased input in the form of additional assets which they
hope would result in improved revenue. Hence, revenue is the best measure for output. Meanwhile,
current asset and fixed asset or property, plant and equipment are suitable for inputs because M&As
appears to be favored in the telecommunication industry as a means of consolidating assets, thereby
sharpening the competitive edge through asset fortification. Therefore, this study contends that the chosen
variables for input and output are suitable as the findings of this study and do explain M&As in the
telecommunication industry.

Input- or output-oriented types:

In general, the choice between the input oriented type and the output-oriented type can be conveniently
according to the users’ preferences (Sufian and Haron, 2009). For the total asset model which includes
fixed assets, the CCR-output (CCR-O) oriented models are favored as it enables freedom in output
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projections (Kwon et.al, 2008). The total asset model is rather similar to return on assets (ROA) known as
an orthodox profitability measure in finance. However, DEA can show the impact of each individual asset
category on profitability unlike ROA. For the total asset model, the asset utilization of the companies are
examined by dividing total assets into two categories which are current assets being in one category while
property, plant and equipment or fixed assets being the other category (Kwon et.al, 2008 and Salleh et. al,
2013 and 2013a). Therefore, in a decision-making framework for M&As telecommunication companies,
it is logical to consider the output-oriented version as the companies aim to maximize the output. In other
words, companies would make strenuous efforts to utilize the asset and maximize the revenue in order to
remain competitive in the market. By relying on the available corpus of data, it can be hypothesized that
the higher acquisition intensity and sequencing of acquiring firms may result in lower technical
efficiency. Based on Barkema & Schijven (2008), when the M&A intensity is higher, the acquirer would
have less time to search and plan winning strategies before engaging in the next acquisition, thereby
reducing the acquirer’s performance. Hence, the hypothesis can be summarized as follows:-

H1: The higher the M&A intensity of telecommunication firms, the lower the technical efficiency.
H2: The higher the sequencing of M&As of telecommunication firms, the lower the technical efficiency.

Lubatkin (1983) has introduced the concept of market power as another source of synergy; suggesting
that the company’s ability to dictate prices and exert market power is achieved by size. There are a
number of yardsticks for computing the size of a firm. For example Azofra et. al. (2008) and Wooi et. al.
(2009) determined the size of the companies by computing the logarithm of the total asset. Whereas
according to Byard & Cebenoyan (2007), size is negatively related with relative production efficiency.
Thus, the following hypothesis regarding the relationship between the technical efficiency and size of
firms can be formed:-

H3: The size of telecommunication firms are negatively related to the technical efficiency.

RESULTS AND DISCUSSIONS

The regression analysis was carried out in this study involving three different independent variables
namely size, M&A intensity and sequence of M&As (seq. M&As) by using EVIEWS 6 software. With
reference to table 2, the first sample consists of unbalanced data of 264 companies which are collected
mainly from Osiris and some from data stream and public report. With reference to table 3, The second
sample chosen comprises completed or balance data commencing from the year 2005 and these data are
collected only from Osiris. It is felt that 2005 is a relevant and pertinent starting point as M&As market
recovered and flourished from 2005 (Carbonara and Caiazza, 2009).

Table 2: Effects Specification of Crosssection fixed

Sample 1

Year 2000 - 2011
Periods included 12

No. of Cross-sections 264
Observations 2489
R-squared 0.360239
Adjusted R-squared 0.283652
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F-statistic 4.703650

Prob(F-statistic) 0.000000
Durbin-Watson statistic 1.242980
Variable Coefficient Std. Error t-Statistic Prob.
C 0.558747 0.052189 10.70626 0.0000
Seq. M&A -0.016011 0.004214 -3.799866 0.0001
M&A intensity -0.005127 0.009969 -0.514321 0.6071
Size -0.035535 0.004560 -7.792282 0.0000

a. Predictors: (Constant), Sequence of M&As, Size, M&A intensity
b. Dependent Variable: TE

The results of the R-squared values show that sample 1 in the total asset model registered values of 36%
and sample 2 showed 60.6% variance in TE respectively. Meanwhile the adjusted R-squared value shows
that in the total asset model, sample 1 registered values of 28.4%, and sample 2 indicated 53.9% variance
in TE respectively. Therefore, the total asset model is a robust model which can be considered viable for
examining the effect of the variance of the three independent variables on TE. In terms of the Durbin
Watson statistic, sample 1 returned a rather weak value of only 1.24, whereas sample 2 returned a
stronger value of 1.79 which is greater than the threshold value of 1.6 thereby putting the value in the
acceptable range.

Table 3: Effects Specification of Crosssection fixed

Sample 2
Year 2005 - 2011
Periods included 7
No. of Cross-sections 196
Observations 1372
R-squared 0.605547
Adjusted R-squared 0.538965
F-statistic 9.094652
Prob(F-statistic) 0.000000
Durbin-Watson statistic 1.791468
Variable Coefficient Std. Error t-Statistic Prob.
C 1.007485 0.087948 11.45543 0.0000
Seq. of M&A -0.010901 0.005458 -1.997162 0.0460
M&A intensity 0.001844 0.009375 0.196719 0.8441
Size -0.070858 0.007746 -9.148140 0.0000

a. Predictors: (Constant), Sequence of M&As, Size, M&A intensity
b. Dependent Variable: TE

In reference to table 2 and 3, in testing H1 for sample 1 and 2, the coefficient of M&A intensity obtained
is negative and insignificant (p>0.01). Thus, the relationship is weak. Meanwhile, in testing H2 for
sample 1 and 2, the sequence of M&As was found to be inversely related to TE. The relationship is strong
and significant as indicated by the probability values shown in the table above, although it is negative
relationship (p<0.05). Thus, H2 is strongly supported. The higher the sequence of acquisitions, the lower
the TE. It is parallel with the findings of Barkema & Schijven (2008) and Salleh et. al, (2013 and 2013a).
Hence, this paper suggests that when a company is involved in a sequence of acquisitions, it needs to
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capitalize on the total asset model in order to reduce relative assets or increase revenue or be efficient in
both. In testing H3 for sample 1 and 2, Size was found to have a significant (p<0.001) but negative
relationship with TE. Meaning that the bigger the size, the lower will be the TE. Thus, H3 for sample 1
and 2 are strongly supported. The findings of this study pertaining to the effect of company size on TE is
similar to Byard & Cebenoyan’s (2007) and Salleh et. al, (2013 and 2013a) that size was negatively
related with relative efficiency. In summary, the coefficients computed for the two samples are similar
whereby the sequence of acquisitions and size are negatively influences TE while M&A intensity is
insignificant and also negatively influences TE. Thus, this proved that the samples chosen are robust
models as samples which demonstrate consistent results.

CONCLUSION

The finding indicates that the sequence of M&As and size of the telecommunication companies results in
lower efficiency. Thus, the companies should space out the M&As over a certain period of time, or delay
subsequent M&As. This would enable the companies to resolve any inefficiency or prevent the
inefficiency from worsening. Barkema and Schijven (2008) suggested that time interval between M&As
can be increased to lower the number of M&A deals in a certain period of years and seek to increase the
companies’ performance in the interim. Due to its limitations, the paper could be extended to investigate
the other industries pertaining to effect of M&As on TE. Despite this limitation, the findings of this study
are expected to contribute significantly to the existing knowledge pertaining to M&A intensity and
sequencing and the TE antecedent within the telecommunications industry. The acquisition of power is a
popular strategy among the players in various industries (Majumbar et. al, 2010). It has brought about the
passing of the Merger Guidelines by the US government (Baker, 1997). (Areeda et al. 2002 and Fisher,
1987) have suggested the efficiency criterion as the crucial element of antitrust policy, in the US, to judge
whether an M&A deal will or will not be in the best interest of the public. Merging firms should possess
complementary assets and skills in order to produce a viable bigger entity. These would enhance the
operational performance of the company (Farrell and Shapiro, 2001). Therefore, governments of Asean
countries need to review takeover and merger controls relating to M&A deals which could enhance
efficiency (Jamarudi et. al, 2013 and Salleh et. al, 2013b). This would facilitate directions for sustainable
competitiveness of future telecommunication companies in Asia which are actively involved in M&As.
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ABSTRACT

This paper examines the total factor productivity of Indian pharmaceutical firms from 2000 to 2010 which cover
both the pre and post product patent era throlitta Envelopment Analysis (DEBased Malmquist Productivity

Index (MPI). Our analysiss based on a panel data set of 141 firms coletdtem Prowesslatabase of CMIE. In

order to identify the sources of TFP change, technical efficiency change-(gatefiect) and technical change
(frontier shift) for each firm over the study period atecameasured. The decomposed TFP index showsnihett

of the gain in productivity is due to technical change and there is regress in technical efficiency change. The
technological change in the pharmaceutical industry has played important role in théhgsgbmroductivity of the
industry in the last decade and productivity growth of the firms is adversely affected by regress in technological
change.

Keywords:Pharmaceutical industry; India; Productivity.

INTRODUCTION

The Indian drug and pharmaceutical industry is considered to be one of the most dynamic and a vibrant
industry of the developing world as it is one of the largest producers and exporters of the generic drugs in
the world. In terms of quality, technology and range of medicines, it is positioned very high in the
developing countries and is ranked third in terms of manufacturing pharmaceutical products by volume
(CCl, 2012). It may be interesting to note that Indian pharmaceutical firms (mostly public sector firms)
had a less than 20 percent share of the market in 70s which by 2010 rose over 75 per cent. Up to 1970,
there was dominance of MNCs in the Indian pharmaceutical industry and bulk drugs and APl (Active
Pharmaceutical Ingredient) was imported. But the scenario had drastically altered after the enactment of
Indian Process Patent Act of 1970 which led to phenomenal growth of indigenous firms. Since 1972 to
2004 with the process patent regime in place, Indian D&P producers were able to manufacture bulk drugs
and formulations through ‘reverse engineering’ the patented medicines without any obligation to pay
royalty. The period between 1995 and 2005 was the transition period as TRPIS agreement required India,
as other developing countries, to compulsorily shift to product patent by Jan. 1, 2005 in place of the
previous process patent system established by the 1970 Patent Act. On March 22, 2005, India’s
Parliament approved the Patent (Amendment) Act 2005, bringing in a system of product patents to be
implemented with retrospective effects since January 1, 2005. The new regime protects only products
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arriving on the market after January 1, 1995.Since then, there is significant rise in R&D intensity,
consolidations, mergers and acquisitions among Indian companies though the R&D intensity is still far
lower than the multinationals (Nauriyal, 2006; Nauriyal and Sahoo, 2008). It is believe that with this new
patent regime Indian generic firms would face difficulties in reverse engineering and imitation of drugs.
This changing scenario might not be conducive for the development of this industry (Chaudhuri, 2005).
Therefore, they have to change their strategies of operation so that they can survive in this regime. In
view of the changed international business and regulatory environment, the focus of the Indian drug and
pharmaceutical firms is also shifting from process improvisation to R&D and new drug discovery.

The scenario for the pharmaceutical sector has changed significantly after Product Patent Act, 2005. In
this context; it would be interesting to study productivity of each Indian drug and pharmaceutical firm
especially after signing of TRIPS.

MALMQUIST PRODUCTIVITY INDEX (MPI)

Originally, Caves et al. (1982) defined the Malmquist index of productivity change and after that Fare et
al. (1992) extended the model. Fare et al. (1992) developed a DEA based Malmquist productivity index
which measures the productivity change over a period of time. The Malmquist index was first suggested
by Malmquist (1953) as a quantity index for use in the analysis of inputs consumption. DEA based
Malmquist productivity index is frequently used to examine the productivity developments of different
bodies. The MPI index is defined using distance functions. Here, an input distance function is used to
consider a minimum use of inputs with given level of output. Fare et al.’s (1992) MPI, which measures
the productivity change of a particular DMU in time periods t and t+1 is given as:

_é,Dt(XHl’ yt 1)* Dt 1+()& 1,+y 1)+
€ D'(X,y) DX y)

MPI =M'(X*, v £, %, y) @

(e

The distance functions in this productivity index can be rearranged to show it is equivalent to the product
of a technical efficiency change index and an index of technical change. Therefore, Fare et al. (1989)
decompose the MPI into two components, one measuring the change in technical efficiency (catching up
effect) and second one is measuring the technical change (frontier shift). The distance function is the
reciprocal of Farrell’s (1957) measure of output based technical efficiency (Coelli et al., 1998). A value of
MPI greater than one indicates positive TFP growth; MPI less than one indicates negative TFP growth
and MPI equal to 1 means no change in the productivity. The efficiency change index is equivalent to the
ratio of Farrell technical efficiency in period t to period t+1. The technical change is the geometric mean
of the shift in technology between the two periods. Following Fare, Grosskopf, and Lovell (1994), the

Malmaquist (input-oriented) TFP change index between period t (base period) and period t+1 is given by:
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.The EC shows the catch-up effect. It measures the change in technical efficiency
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frontier shift between time period t and t+1. Technical efficiency change (EC) can be decomposed into
scale efficiency (SE) and pure technical efficiency (PTE) components. PTE compares the closeness of
DMU in each time period to that periods production possibility frontier (PPF) corresponding to variable
returns to scale (VRS) technology. The SE measures the impact of any change in scale size of DMUs on
its productivity.

Technical efficiency change index=PTE change index*SE change index
Thus, M'=PTE*SE*TC

Where M' represents the change in productivity, PTE is pure technical efficiency change, SE is scale
efficiency change and TC is technological change.

Fare et al. (1995) have analysed Swedish pharmaceutical companies by decomposing Malmgquist
productivity change into three categories, namely, quality change, technical change and efficiency
change. There are few studies related to Indian context such as Saranga and Phani (2004) analysed the
Indian pharmaceutical industry using Non-parametric DEA approach and showed that R&D and age have
positive relationship with efficiency and productivity of this industry. Mazumdar and Rajeev (2009) and
Pannu et al. (2011) analyzed the efficiency and productivity of the Indian pharmaceutical firms. Mahajan
et al. (2014) estimated technical efficiencies, slacks and input/output targets of 50 large Indian
pharmaceutical firms for the year 2010-11. Internationally, efficiency and productivity of pharmaceutical
industry is also analysed. The earlier studies have covered different time periods but in this study the time
period of product patent regime is large which will show the pre and post product patent regime.

DATA SOURCES AND VARIABLE CONSTRUCT

The main data source of the study is Prowess compiled by Centre for Monitoring Indian Economy
(CMIE). Prowess compiles financial information of the companies out of their annual balance sheets. Our
sample consists of firm level data relating to financial statements for 141 firms of Indian drug and
pharmaceutical industry for which data for all eleven years from 2000 to 2010 was available in the
Prowess database. The appropriate deflators were used to deflate the data at constant price.

Table L:Descriptive Statistics of Inputs and Output(200601 to 201611)

Advertising &
Statistics Net Sales Raw Material Salary & wages Marketing Capital Cost
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Mean 1969.31 578.16 148.90 121.20 101.41

Std. Deviation 3996.29 1062.11 307.82 324.68 215.85
Range 36683.46 8363.92 3546.37 3861.28 2268.21
Minimum 0.13 0.05 0.16 0.05 0.08
Maximum 36683.59 8363.96 3546.53 3861.28 2268.20

Note: Figures in millions of rupees-deflated to 2000 price.

For computing productivity, total net sales are taken as output variable, and raw material, salaries and
wages, advertising and marketing and capital cost as input variables. The capital cost includes rent,
interest, depreciation, repairs and maintenance of plant and machinery. It is used as proxy variable for
capital. The Table 1 shows the descriptive statistics of inputs and output variables. The material cost,
manpower cost, marketing and selling cost and capital cost constitute the four major cost elements for the
IPI, accounting for close to 80-85% of the operating income. The input-oriented DEA model is applied, as
all input variable considered in this study have required flexibility as compared to the output.

EMPIRIC AL RESULTS AND INTERPRETATIONS

Table 2 highlights the OTE change, technical change and TFP change during the study period. The Table
shows the TFP growth and its decomposition into technical change (frontier shift) and technical efficiency
change (catching up effect) over the period of study. The indices show that during the entire time period,
Indian pharmaceutical firms experienced an average overall TFP progress of 0.7%. Most of this gain in
productivity over the sampling period is attributable to technical change, with an average technical
progress of 1.9%. On the other hand, there is regress in technical efficiency change by 1.2%. However the
technical change results show technological improvement result show in 5 years out of eleven years
period with the most pronounced improvement in 2006 whereas technical efficiency change result show
progress in four out of eleven years, with most pronounced progress in 2005. When we consider the VRS
assumption, the estimated results indicate that on average, PTE has a regress of 0.2% and SE of 1.00%.
The PTE regress is found in 67 firms over the years while in 77 firms SE regress is experienced and 19
firms have experienced no change in PTE. Year-wise analysis of PTE change shows that there were five
years i.e., 2001-02, 2002-03, 2004-05, 2006-07 and 2008-09 the ID&P industry had registered a decline
in its PTE as PTE change score was found to be less than less in the aforementioned years.

Table 2 TE Change, Technical Change and TFP Change YeaNise (2000 to 2010)

Year OTE Ch. Tech Ch. TFP Ch.
2001 0.953 0.871 0.830
2002 0.974 1.068 1.040
2003 1.023 0.971 0.993
2004 0.888 1.232 1.094
2005 1.110 0.931 1.034
2006 0.987 1.119 1.105
2007 1.017 0.987 1.004
2008 0.944 1.043 0.984
2009 1.034 0.989 1.023
2010 0.967 1.026 0.993
Mean 0.988 1.019 1.007
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Figure 1: Trends in OTE change, PTE change and SE change

A comparison of the trends in the efficiency and technical change components implies that there is
inverse relationship between efficiency change and technological change i.e., efficiency change of the
firms progressed whenever there is regress in technological change. It is also found that on average firms
have experienced positive growth in efficiency in years like 2003, 2005, 2007 and 2009; technological
change regressed in these years. This indicates that although technological advancement improves the
prospects of the firms to have better performance but the industry is failed to take this advantage because
large number of firms in this particular industry are small. These firms are not putting efforts in R&D
activities and therefore are earning less comparatively with the large R&D intensive firms. Now with the
coming up of new patent regime, the firms are increasing R&D activities so as to survive in this
competitive environment.

From firm-wise analysis, it is found that F104 (Saket Projects Ltd.) turns out to be the most productive,
since its TFP change is 1.16. Out of total sample firms, 58 firms show the regress in TFP as their values
are less than unity. F 108 (Senbo Industries Ltd.) turns out to be the worst performing firm among all the
141 sample firms as value of its TFP change is only 0.756. By analyzing the technical efficiency change
of firm-wise average scores, we found that 53 firms achieve average technical efficiency change greater
than one (or progress) while 4 firms were having no growth and remaining 84 firms have regress in their
scores. Among all the sample 141 firms, F104 (Saket Projects Ltd.) is the most efficient firm since its
efficiency change has shown 1.079 while F 108 (Senbo Industries Ltd.) turns out to be the least efficient
firm. The results show that the productivity growth of the firms is adversely affected by regress in
technological change.

CONCLUSIONS

The MPIs show that during the entire time period, Indian pharmaceutical firms experienced an average
overall TFP progress of 0.7%. In the study period most of the gain in productivity is due to technical
change and there is regress in technical efficiency change. A comparison of the trends in the efficiency
and technical change components implies that there is inverse relationship between efficiency change and
technological change i.e., efficiency change of the firms progressed whenever there is regress in
technological change. This indicates that although technological advancement improves the prospects of
the firms to have better performance but the industry is failed to take this advantage because large number

416



of firms in this particular industry are small. These small firms have negligible share of R&D expenditure
and therefore have less market share but with the changing scenario in the patent regime, the R&D
intensity of the industry is increasing so as to improve their performance. From firm-wise analysis, it is
found that F104 (Saket Projects Ltd.) turns out to be the most productive firm and F 108 (Senbo
Industries Ltd.) turns out to be the worst performing firm among all the 141 sample firms. From the
analysis it is clear that productivity growth of the firms are adversely affected by regress in technological
change. In order to survive in the post Patent regime, firm’s strategy should be on increasing R&D
intensity, collaboration or mergers and acquisitions and to increase efficiency by reducing input cost.

REFERENCES

[1] CClI (2012). A Brief Report on Pharmaceutical Industry in India. Retrieved from
www.cci.in/pdf/surveys_reports/indian-pharmaceuticals-industry.pdf

[2] ChaudhuriS., (2005). The WTO and | ndi a6 s .NewBRelhiDsfaddoiversity Rress.\l ndustry

[3] Coelli, T., D. S. P. Rao, and G. Battese (1998). An Introduction to Efficiency and ProductiyiAnalysis Boston:
Kluwer Academic Publishers.

[4] Fare, R., Grosskopf, S. and Roos, P. (1995). Productivity and quality changes in Swedish pharmacies.
International Journal of Production Economics, 39: 137-147.

[5] Farell, M.J. (1957). The measurement of production efficiency. Journal of the Royal Statistical Societ0(3):
66-83.

[6] Mahajan, V., Nauriyal, D.K. and Singh, S.P. (2014). Technical Efficiency Analysis of the Indian Drug and
Pharmaceutical Industry: A Non-Parametric Approach. Benchmarking: An International Journ&l (5).

[7] Malmquist, S. (1953). Index numbers and indifference surfaces. Trabajos de Estadisticd: 209-242.

[8] Mazumdar, M. and Rajeev, M. (2009). Comparing the Efficiency and Productivity of the Indian Pharmaceutical
Firms: A Malmquist-Meta-Frontier Approach. International Journal of Business and Economi&g2): 159-
181.

[9] Nauriyal, D. K. and Dukhabandhu Sahoo (2008). The New IPR Regime and Indian Drug and Pharmaceutical
Industry: An Empirical Analysis. Paper presented at 3rd Annual Conference of the EPIP Association, Bern,
Switzerland - Gurten Park / October 3-4, 2008. Retrieved from
http://www.epip.eu/conferences/epip03/papers/Nauriyal_EPIP%20Conference%202008.pdf

[10] Nauriyal, D.K. (2006). TRIPS-compliant new patents act and Indian pharmaceutical sector: directions in
strategy and R&D. Indian Journal of Economics & Busine§pecial issue China & India.

[11]Pannu, H.S., Kumar, U.D. and Farooquie, J.A. (2011). Efficiency and productivity analysis of Indian
Pharmaceutical Industry using Data Envelopment Analysis. Internatioral Journal of Operational ResearchO

().

[12] Saranga, H. and Phani, B.V. (2004). The Indian pharmaceutical industry- An overview of internal efficiencies
using data envelopment analysis. Solow R (1957). Technical change and the aggregate production function. Rev
Econ Stat39: 312-320.

417


http://www.cci.in/pdf/surveys_reports/indian-pharmaceuticals-industry.pdf
http://www.epip.eu/conferences/epip03/papers/Nauriyal_EPIP%20Conference%202008.pdf

418



419



SPONSERS OF DEA2DONFERENC

DEAzone.com

. BANKRAKYAT v
—, ey 5&.&1

Malaysia.:
Convenhon

& Exhibition
Bureau

p ’ MALAYSIA
Truly Asia




KUALA LUMPUR

<
0
Z
N
<
>

APRIL 14-17

UNIVERSITY OF MALAYA

LUNIVERSITY

=
International Data Envelopment Analysis Society

ISBN: 978 1 85449 487 0



