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ABSTRACT

Estimating technical efficiency of production teclogy is important for policy purposes, particulaflor a sector
which has strategic importance in self sufficieteyel such as paddy farming. This study comparetnieal

efficiency of paddy farming in east coast and wesist of Peninsular Malaysia by using data envelepnanalysis
(DEA) and Stochastic Frontier Analysis (SFA). Prisndata were collected using a set of structuredsgionnaire
from 230 farmers in east coast and west coast oirRelar Malaysia. The data are analyzed by usirlgADand
SFA. The results indicated that the differencemathodologies employed produced different effigieaatimates.
The DEA result showed that efficiency score forifardar Malaysia is 56%, which is lower from thdi@éncy

score obtained using the SFA at 69%. Due to thgdatifferences in technical efficiency results oramendation
for policy purpose should not depend on only onthatkas it is inaccurate.
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INTRODUCTION

Increasing emphasis is being placed on measureffiofency in various industries to compare thestative
performance, given the need to ensure the besifusmrce resources. Few studies have assessednsistency of
efficiency rankings across different methodologieer example, Radam and Mansor (1999) have asséssed
methods of efficiency rankings, which are (a) deieistic parametric frontier (b) linear programmipgrametric
frontier (¢) nonparametric frontier; and (d) stosti@ parametric frontier on Sarawak pepper farnimd/alaysia

[1].

There are a few studies that compare the use af Batelopment Analysis (DEA) and Stochastic Froniealysis
(SFA) on productive efficiency. Cullinaret al (2006) has compared the use of these two metimongeasuring
productive efficiency in container ports. They uskat from 30 container ports and found that DEddgd a lower
efficiency score compared to SFA [2]. Jacobs (20858d the same dataset and compares the effician&ings
from the cost indices with those obtained using Dl SFA. He has compared the use of these twoodth
measuring productive efficiency in examining hoalpéfficiency. The paper concludes that the methemth have
particular strengths and weaknesses and potentiedhsure different aspects of efficiency [3]. Hoarthere is a
limited number on the comparison of these two maghio measuring productive efficiency in agricudtigector.
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This includes a study on the swine industry in Hayg. It is vital to measure productive efficiepespecially in
industries which has low self sufficiency levelamparticular country.

In Malaysia, paddy and livestock industries haverbalentified as two important sectors which hatrategic
importance but low self-sufficiency. Paddy espdgiad given a greater emphasis as it is a stapta féor

Malaysian. The government is committed in develgpinis sector to ensure that rice production camtntiee
demand. Various subsidies are provided to assisigis in increasing production, where in the Téd#laysia Plan
the government set a target of 70% self sufficideggl. Currently, Peninsular Malaysia is produci&y6 of paddy
in the country. Thus, this paper is focusing on paring DEA and SFA in measuring productive efficigrof

paddy farming in Peninsular Malaysia. Given theultesf previous studies, the purpose of this papé¢o provide a
comparison of the most commonly used methods tgpotertechnical efficiency utilizing two producti@malysis,
namely, Data Envelopment Analysis (DEA) and Stotbd3ontier Analysis (SFA). This paper proceed$aisws.

The next section focuses on the methodologies @ahatused in this study. Section three presentg#te and
estimation followed by the empirical results. Thaestl section concludes the study with the implicstiof the
findings.

MATERIALSAND METHODS

Data Envelopment Analysis

Data envelopment analysis (DEA) is a nonparameatrethod in operations research and economics for the
estimation of production frontiers. It is used togrically measure productive efficiency of decisimaking units.
The framework has been adapted from multi-inputltireutput production functions. DEA develops a €tion
whose form is determined by the most efficient piats. This method differs from the ordinary lesgtares
(OLS) statistical technique that bases compariselasive to an average producer.

DEA has some common characteristics with stochdstiatier analysis (SFA), where both methods idgné

"frontier" on which the relative performances dfllities in the sample are compared by benchimgrkrms only

against the best producers. It can be characteasedn extreme point method that assumes thaffiifmacan

produce a certain level of output utilizing spexifinput levels, another firm of equal scale shduddcapable of
doing the same. The most efficient producers cam fa "composite producer”, allowing the computatainan

efficient solution for every level of input or ouwtfp Where there is no actual corresponding firnirtthal producers”
are identified to make comparisons [5].

Technical efficiency analysis is applied to outptiented variable return to scale via DEA approdcbelli et al.
(1998) stated that output oriented variable retorscale (VRS) technical efficiency can be formedaas follows

[5]:

Maxg 0

subject to: dyj+ YA>0
XJ-—XX >0
N1"A=1
A=>0

where6 denotes the score for technical efficiencytbfpaddy farmer compared to others in the sampléeryotes
yield of ith paddy farmer, ;s quantity input used bigh paddy farmer, Y is yield data set for all padaymers\ is
Nx1 vector of constants, X is input data for altiga farmers and N is total number of paddy farm¥gsand X, are
the efficient estimations on frontier. N1 denoteslNector of ones. NIX = 1 is a constraint that makes comparison
only of paddy farmer of similar yield size, by famg a convex hull of intersecting planes, so th&adsenveloped
more tightly [5].

Four inputs were used in this study: size of pdddy, expenses on seeds, expenses on fertilizéfiraally number
of workers. Output yield was measured in metricstpar hectare for annual yield of paddy farms.
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Stochastic Frontier Analysis

Stochastic frontier models date back to Aigmtral, (1977) and Meusen and van den Broek (1977), who
independently proposed a stochastic frontier pribdudunction with a two-part ‘composed’ error tesri6, 7]. One

is an ordinary statistical noise captures statiftimise, measurement error, and other random g\egbnomic
situations, quakes, weather, strikes, and luck)ahabeyond the human control. The other capinefficiency.

Stochastic frontier models in which the inefficigreffects (i) are expressed as an explicit function of a veotor
firm-specific variables and a random error wereppsed by Kumbhakaet al, (1991) and Reifschneider and
Stevenson (1991) [8, 9]. The model presented iratgu 1 is a modified Battese and Coelli (1995) sidat we
use in our analyses, which also allows for theafgganel data. The error term consists of the svms {;) and (),
whereby the former accounts for the noise in tigeassion and is assumed to be normally distributkd.technical
inefficiency term ;) is usually modelled as a half-normally distribliterm [10]. Equation 1 is a translog stochastic
function and is self-explanatory.

INY; = By + BuInLi + BoAnK; + B3InE; + BanFi+ Bs(InLy)” + Be(INK;)*+ BA(INE;)* +
Ba(INF))*+ v; — u, i=1,2,...,N. @)

where,Y; denotes production of observable outpgifenotes fertilizerk; denotes seed; denotegesticide and;
denotes laboin refers to the natural logarithm@;are unknown parameters to be estimatedre iid, andN(0,0,?)
random errors, and are assumed to be independ#istiibutedof the u; which are non-negative random variables
associated with technical inefficiency. The disttibn of u; is obtained by truncation at zero of the normal
distribution with meam, and variance,?, where;

M = & + & A+ M+ GsH+ OE + dsW+ &6T 2

where, A, M, and H denote age, marital status, lamgsehold, respectively. E denotes education dumerigble
(no formal education=1, primary school=2, secondatyool=3, university or collage=4). W and T denwetiking
experience and training, respectivaliyare unknown (technical inefficiency) parameterbdaestimated.

In computer program of FRONTIER 4.1 (Coelli, 1998)rameterisation is used where®§ and 3,> are replaced
with &= g+ g? and y=64(c” + 0,°). The gamma coefficient, therefore, will allow ts infer as to what

proportion of the total error term is actually agoted for by technicahefficiency [11].

Data and estimations

The study utilized the data pertaining to the papishduction in 2010, which was gathered througkedaimterview
survey from sample of 230 paddy farmers. This stooljered east coast and west coast of Peninsulayda.
These set of data will be analyzed using data epwe¢nt analysis (DEA). Meanwhile, the data can dredacted
using stochastic frontier analysis (SFA) in thet @asl west coast of Malaysia.

RESULTSAND DISCUSSION

The result from DEA showed Peninsular Malaysia keitéd 56% of technical efficient. Table 1 showeelfitency
of technical efficiency estimates of paddy farmingwest coast, east coast and Peninsular Malay$ia.study
showed technical efficiency measures ranging frémtd 97% for west coast and 1% to 98% for easttcamst
coast of Peninsular Malaysia proposed 51% of teetrefficient; on the order hand, west coast ofifardar
Malaysia reported 58% of technical efficient. Altlyln average of efficiency score of Peninsular Mskaywas
reported only 56%, even so, there were 7.1% whicloented to 17 paddy farmers had achieved 100%cbhtcal
efficient. Suggesting that among the 230 paddy éasmthese 17 paddy farmers had well performedttaegwere
being the best practice guidance for the rest dflpdarmers. From these 17 paddy farmers, 6 paalagers were
from east coast of Peninsular Malaysia while 11dgaf@rmers were from the west coast. On the otla@dhthe
data is employed to estimate technical efficiengynieans of SFA. The average of efficiency scor@@finsular
Malaysia was reported only 69%, even so, there \Wér8% which accounted to 39 paddy farmers hadesehi
100% of technical efficient. In addition, the stughows technical efficiency measures ranging fr@¥b 1o 99% for
west coast and 37% to 98% for east coast. The ged¢eghnical efficiency for west coast is estimaae66% and
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east coast showed 72%. It indicates that farmeesish coast are more efficient in managing theddgaroduction
compared to farmers in west coast.

Table1: Frequency of Efficiency Estimates of Paddy Farming in West Coast, East Coast and Peninsular Malaysia

Data Envelopment Analysis Stochastic Frontier Analysis
- (DEA) (SFA)
Efficiency Levels West East  Peninsular West East  Peninsular
Coast Coast Malaysia Coas Coast Malaysia
<0.50 45 45 90 25 8 31
0.51-0.60 33 17 50 35 14 46
0.61-0.7C 27 13 40 15 20 38
0.71-0.80 20 6 26 30 16 45
0.81-0.90 4 3 7 13 16 31
0.971-1.0C 11 6 17 22 16 39
Average 0.58 0.51 0.56 0.66 0.72 0.69
Minimum 0.05 0.01 0.05 0.13 0.37 0.45
Maximum 0.97 0.95 0.96 0.99 0.98 0.95

Source: The research findings

The estimation of a firm’s technical efficiencyaills further investigation of the sources of efficg, and hence
inefficiency, which could be of great importancethe implementation of policies [12]. Thus, an gs& tests for
the significance of the factors, which presumabRuence the efficiency of the paddy productiomiest coast and
east coast. Table 2 reports the results for theiefity effects model.

Table 2: Estimates of the Efficiency in Production Function

Data Envelopment Stochastic Frontier
. Analysis (DEA) Analysis (SPF)

Variables East West Peninsular East West Peninsular

Coast Coast Malaysia Coast Coast Malaysia
Pesticides 0.00003 -0.000007 0.000001 0.01 0.01 n.a
Education -0.002 -0.018 -0.001 0.24 0.05 n.a
Working Experienc  0.0000°  -0.0000¢ 0.000¢ -0.1z  -0.8¢ n.c
Training/Seminar -0.059 0.075 0.014 0.94 0.41 n.a

Source: The research findings

The DEA model showed that in Peninsular Malays#jables of pesticide, experience and Training/Samhave
positive impact to efficiency, suggesting that aoréase in these variables will lead to an incréasfficiency,
similar with the finding of Ghee-theaat al.,(2012), Koc et al.,(2011) and Ekunwet al.,(2008) [13, 14, 15]. Yet,
the variables of training and education have nggatnpact on efficiency effect, suggesting thatramease in these
variables will lead to a decrease in efficiencyeffitiency model of west coast of Peninsular Malaysoted that
variables of training/seminar were found negativafected inefficiency, consistent with the findiofGhee-Thean
et al, (2012). On the other hand, the model of easttaafaPeninsular Malaysia stated that variablgsesticide and
experience were found negatively affected inefficig in line with results of previous studies Ketal.,(2011) and
Ekunweet al., (2008), while, variables of education and seminarexfound positively affected inefficiencyhis
incident might be caused by different farming bebes/of paddy farmers in east coast and west cafd@éninsular
Malaysia and other uncontrollable factors. Howewene of the determinants (pesticide, educatiopeeence and
training/seminar) had shown significant influencetéchnical efficiency for Peninsular Malaysia ito&astic
Frontier Analysis (SFA) model. Different with resuf east coast of Peninsular Malaysia, variableserinar
showed the single significant negative effect teffisiency. This result indicated that suppose pafdstmers who
absent from seminar of paddy farming, perform lefficient compared to those who attend the semihar.
Malaysia, seminar of paddy farming is usually hgydhe authorities and private companies. Semshaelid for the
purpose to improve knowledge of paddy farmers, ¥pose latest technology, machinery or skill to tregldy
farmers and also to introduce new fertilizers @dse It is convinced that having a seminar is alshance to have
the paddy farmers gather for experience or knovdestwring, hence, indirectly causing productivitpaddy yield
to be improved.
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CONCLUSION

The DEA model results revealed that efficiency ecfor Peninsular Malaysia is 56%, which is loweonfr the
efficiency score obtained using the SFA at 69%. DA analysis showed that paddy yield of PeninsMataysia
has the potential to increase its efficiency of 44%he existing technological condition. Howeveaddy yield of
east coast and west coast of Peninsular Malaysie Waving 49% and 42% of potential to be improved,
respectively. The average of efficiency score dfiRsular Malaysia under SFA model was reported 6BPthe
model, paddy yield of east coast and west coast Waving 28% and 34% of potential to be improvedpectively.
It indicates that farmers in east coast are mdieiaft in managing their paddy production compat@darmers in
west coast. Due to the large differences in tectirétficiency results, recommendation for policyrpese should
not depend on only one method as it is inacculdteeover, these results could be inferred thatetheas great
relative potential to increase technical efficienéypaddy farms in Peninsular Malaysia. Raisingenir paddy yield
up to target yield requires improvement in farmefficiency. Authorities should give more attentiom improving
farming efficiency of these two areas, thus imprpveductivity in achieving targeted paddy yield.
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