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A two-stage approach is employed to analyze thiieficy of cooperatives responsible for ruminandsease
control (OPP) at the farm level in Northwest Poaludn the first stage, Data Envelopment AnalyBIEA) is used to
estimate and decompose input-based overall inefffigi for each OPP. The input-based inefficiency suess are
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Introduction

Under the Obligatory Sanitary Program (OSP), rumitsadisease control at the farm level in Northwest
Portugal is provided by 32 county-level farm Cooperativesjled Organizacées de Produtores
Pecuarios(OPPs).

The OPPs were formed after Portugal became a meonfltee European Economic Community (E.E.C.)
in 1986°7). These cooperatives have been largely subsidigethd European Union (E.U.) and the
Portuguese government to provide OSP servicesitefs.

In 2001-2005, the amount of public support to tf&P0n Northwest Portugal decreased 31% at nominal
prices. For the period of 2005-2009, a further dase of 57% was predictg&]. The sharp decline in the
subsidies to the OSP in the northwest region maylie to several reasons. The E.U. is presently
concerned about the market distorting effects aftrod and eradication programs in  several member
states and proposals involving a cost-sharing sehenith farmer contributions have been
considerelf" ! In the last few years, the Portuguese governimasicut public expenses dramatically in
order to reduce its budget deficit as requiredheyE.U. Finally, ruminant herds have been decrgadsin
the northwest region of Portudal

The structure and organization of the OSP servitaket are expected to change in the near fltlte

In 2005, each OPP operated in an exclusive couety, &ubject to the existing herds in the county an
without competition from other suppliers. Pricesaigfed for the OSP services and demand for OSP
services vary across OPPs. The supply costs of €@BFces also differ among OPPs, due mainly to
environmental factorsHowever, in the future, there will be free accesthe OSP services market. Each
OPP will probably face competition from other ORIR8 other suppliers of OSP serviées.

The changes in the structure of the OSP servicekananay have a large impact on the current
organization of OPPs if substantial efficiency gagan be obtained from reorganization and from an
increase in the competition among OPPs. Is it pts$or the OPPs to reduce the costs of providigPO
services as well as other services? How can thBsORprove efficiency? What is the impact of
environmental and organizational factors on theécieficy of OPPs? This article aims at providing
answers to these questions.

To answer the above questions and to investigatefficiency performance of OPPs we have employed
a two-stage approach. In the first stage, cosicalive, scale, congestion, and pure technicafiaieficy
estimates are computed for each OPP using Dataldment Analysis (DEA). The input-based
inefficiency measures used in this article are ged from the duality between the cost functiod tre

! In this article, Northwest Portugal correspondthsformer Entre Douro e Minho Agrarian Region.

“This reduction in the northwest region is due torfaand land abandonment and to increases in herd
productivity. For instance, dairies, mostly locatedthe coastal counties of the region, have had an
enormous increase in milk production per cow dutheglast few decades.

%Environmental factors are factors that are not wrmntrol of the OPPs but can influence their
efficiency performance. It is easier to supply G8Rvices in some OPP areas than in others.

“The OPPs belong mostly to county-level cooperatifémse cooperatives form unions at the regional
level to deal with ruminants’ disease control (UCAEA) and to deal with milk collection (AGROS).
For a variety of reasons, county-level cooperativethe region seem to be more willing to cooperate
among each other than to compete.



input directional distance functidi. In the second stage, maximum likelihood is empibto regress
the inefficiency estimates on environmental andaoizational factors. The single bootstrap procedure
proposed by Simar and wilsét! is used to build confidence intervals for regressioefficients.

The approach adopted takes into account the restatigtical criticisms of previous two-stage appioss
and adopts the remedies provided by Simar and wWiHon addition, this article is most likely the firs
application of a DEA approach to analyze the penforce of animal health services.

The article unfolds as follows. We present inefficdy measures using a directional input distance
function in section 2 and in section 3 we discistivo-stage approach to analyze inefficiency. This
followed by a description of the data in sectiomrd of the empirical results in section 5. Secton
concludes the article.

Inefficiency Measures

Directional distance functions are more generakrasgntations of Froduction technology since they
encompass as particular cases more conventiortaindes functiond®. In contrast to radial distance
functions, directional distance functions providiéelence measures rather than ratio measuredative
efficiency and do not impose proportional variatidan inputs or outputs. The directional represeéomat
of the production technology is also extremely ukaf modeling production in the presence of input
output congestion and measuring performance acicmufor inputs that obstruct production or bad

outputs* 3

Behavioral assumptions are not required for esiigatechnical inefficiency measures; but they are
required for estimating economic inefficiency measu The OPPs are county-level cooperatives. The
OSP is the main service provided by each OPP aeddgenously determined. In this article, OPPs are
assumed to be cost minimizing Decision Making U281U). Thus, in our case the directional input
distance function is an adequate representatidgheofechnology. The input-based inefficiency measur
employed in this article are generated using theectibnal input distance function proposed by

Chambers, Chung, and F&fk The directional input distance function is formalefined as

D, (y,x 9,) =sudd0R: (x-6&y,)OL(Y)},if (x—&g,) O L(y) for somed,

5| (Y, %X 9,) = —oo, otherwise, €N}

whereL(y) is the input requirement seX 0 R! is a vector of inputsy DR a vector of outputs and
g, RY, g, # 0, denotes a directional vector. The directionauingistance function projects the
input vector, in a pre-assigned direction, ontoitipeit isoquant.

This direction can differ from the radial directiohthe origin, implying the directional distanaenttion
is a more general representation of the produdéchnology[4]. Since 6gx is subtracted from x, this

function contracts inputs in the directiqr-g, ) . If XU L(y), D(y, X; 0,)=0. |3, (v,%9,)<0
implies X O L(y) .

Chambers, Chung, and Fdf® show that under strong disposability of inputg threctional distance
function is a complete representation of the prtidnadechnology. Duality between the directionglun
distance function and the cost function allows dditive decomposition of cost inefficiency. Followi

Chambers, Chung, and Fé?él], cost inefficiency can be decomposed as follows:

M = |5| (y, X; gx) + AIE (2)
wg

X



whereC(y,w) is the cost functionf)I (y, X; gx) is the directional input distance function represey

technical inefficiency an@dIE is a residual component indicating allocative ficefncy. The left-hand
side of (2) is the cost inefficiency measure. Gosfficiency is measured by the difference between
actual cost and minimum cost, normalized by theeaif the directional vector.

In this article, the directional vector is the inmector i.e.,g, = X > and input technical inefficiency is

further decomposed into three components: purenteghinefficiency, congestion inefficiency and kca
inefficiency. The decomposition of technical ineiéincy proposed by Fare, Lovell and Grosslg(l)ﬂfis

multiplicative since it is based on the Shephamlindistance function. In contrast, the decompmsiti
established in this article is additive. The additiiecomposition of technical inefficiency is akkdas

D, (y.xxIC,5)=S (v, x| S)+C, (y.xx[V)+F [y xx[V.W) @
whereC andV denote respectively constant and variable rettorscale,S and W indicate respectively

strong and weak disposability of inputsgI (y,X;X|S) is the scale inefficiency measure,

él (y, X;X|V) represents the congestion inefficiency measure gnéy, X;X|V,W) is the pure
technical inefficiency measure.

The scale inefficiency measure is defined as
S (y.xx18)=D, (y.xx|C,8)-D, (y.x x|V,S) )

with S, (y,x x|S)= 0. Note thatL(y|V,S) O L(Y|C,S)". 1t S (y,xx|S)=0, the firm is
scale efficient, since it is equally technicallyefficient relative to C,S9 and ¥,S technologies.

é, (y, X; X | S) > 0 indicates the firm is scale inefficient sincesitmore technically inefficient relative
to technology C,S than to technology\,S). The sources of scale inefficiency can be idaifoy

comparing [3, (y, X;X|C,S) with [3, (y, X; X | N,S), where N denotes non-increasing returns to
scale. If [3| (y, x; X|C, S) = [3| (y, X X| N,S), scale inefficiency is due to increasing retumsdale

(IRS). [3| (y, x; X|C, S) > [3| (y, X X| N,S) indicates scale inefficiency is due to decreasatgrns
to scale (DRS).

The congestion inefficiency measure is given by
C, (v, xx|V)=D, (y,xx|V,S)-D, (y,xx|V,W) )

where C, (y, % x|V)2 0. Note thatL(yNV,W) O L(yV,S) ™. it C, (y,xx|V)=0, there is
no input congestion inefficiencflI (y, X; X |V) > 0 indicates input congestion inefficiency.

The pure technical inefficiency is the input measwaf technical inefficiency relative to &/,(V)
technology; i.e.,

F (v, xx|V,W) =D, (y,x x|V,W) (6)

Given the additive decomposition of technical ifwéincy in (3), the cost inefficiency measure is
decomposed as follows

® With gx=x the directional vector is DMU specifingh determined by each OPP input vector. In this
case, the radial input distance function can bewered from the directional input distance functin
Although it is possible to make a radial interptieta of our inefficiency measures, the choice & th
observed input vector as the directional vectorsduoat imply a radial inefficiency measure. Ratlibe
inefficiency measures employed in this study aile ditectional and the decompositions in (2) a (
are additive as opposed to multiplicative decontmoss that are based on radial distance functions.



O, (y,xw;x|C,S)=S, (v, % 9, 19)+C, (v, x g, IV)+F, (v, x 9, [V,W)+ AIE (7)

):Wx—C(y,W).

W X
inefficiency measures in (4)-(6ME is determined residually.

where 6, (y, XW; X|C,S

Given the cost inefficiency measure and the

The Empirical Model

The empirical model involves two stages. In thetfstage, the inefficiency scores for each OPP are
generated using DEA. In the second stage, a shagbéstrap procedure is employed to investigate the
impact of environmental and organizational factmighe inefficiency scores.

First Stage

The input-based inefficiency measures discussédeirprevious section are computed using DEA. DEA

is a non-parametric programming method that has lvédely used in the evaluation of productive

inefﬁciency[5’14’16’17]as well as environmental performance and prodmytgrbmh[lz’14’26].

Consider a sample & OPPs and Ietyk and x be, respectively, the vector of observed outpats a

inputs for OPFk andw the vector of input prices faced by all OPPs. Eograte the cost inefficiency
measure presented in the previous section, themaimi cost for each OPIR k=1,... K, is computed by
running the following cost minimization problem

C(y*,w) = m}ijn{wx:y,'; <Y Aylm=1...M;x, 2> Ax),n=1..N;
X i j

Al 20,j:1,,,K} (8)

where A’ is the intensity variable of ORP

The decomposition of technical inefficiency in (8quires running several linear mathematical
programming problems. In particular, the ineffid@gmrmeasures in (4)-(6) require generating measafres
technical inefficiency relative to different prodion technologies. The measure of technical inigfficy
relative to a C,S) technology for OPR is obtained by solving the following problem

D, (y",x";x"‘C,S) = max{@:y,'; <> Aylm=1..M;
8,4 i

X @=60) 2> Ax)n=1..,N;A 20,j = l,,,K}(g)
j

The other measures of technical inefficiency armmated in a similar fashionlf)I (y, X; X |V, S) is
computed as in (9) by adding the constraEtAj =1; Ijl (y, X; X| N,S) is computed similarly by
j

adding the constraint on the intensity variabE:s/lj < 1. The measure of technical inefficiency relative

i
to a V,W) technology is computed for each fiknas follows



D, (yk.Xk;Xk’V,W) = max{@:y,'; <> Aylm=1..M;
j

6,

Xy (1=6)=2> Ax), n=1..,N7;
j

Xy (1=6)=> Ax), n=N?+1N? +2..,N; (10)
j

DA =LA =20,] =l,,,K}
i

where N is the number of inputs that is strongly disposaimd (N — N ) is the number of inputs

that is weakly disposable. Weak disposability ipased by using the strict equality on tobl — N )
input constraints.

Second Stage
The second stage involves an explanatory analysikeoinefficiency scores using environmental and
organizational variables to account for exogenagsof's that affect the efficiency performance ofPOP

Let O be a K x1 vector of inefficiency scores and. be a K Xr -matrix of observations or’
environmental and organizational factors. Followithg traditional approach, a maximum likelihood
regression model would be specified as follows:

d=ZB+€£20 (11)

where S is a K x1-vector of parameters.

Given the small size of the sample and the numbeutputs and inputs considered in this study, the
[szi?]gle bootstrap procedure is uSedhe single bootstrap procedure is based on theriag algorithm

[1] Use thed obtained in the first stage and run the maximualilhood regression with left-

truncation at zero in (11) to obtain an estimgteof (3 ;

[2] Loop over the next three steps ([2.1.] a [2.3] times to obtain a set of. bootstrap
estimatesf of [3:

[2.1.] Draw £ from the N (O, 55) distribution with left truncation a(O— Z,B) S
[2.2.] Computed = Z,fS’ +¢£,

[2.3.] Use de maximum likelihood method to estinthtetruncated regression o on
Z and get the estimate§ of [3.

® The results of the Monte Carlo experiments coretlitty Simar and Wilsor? for each algorithm
(single and double bootstrap) indicate that, foalssamples sizes and larger model dimensiong;abie
mean-square-error of the parameter estimators lamdvdriance estimator is lower when the single
bootstrap algorithm is used.

" See the Appendix in Simar and WilsBH for details on how to draw from a left-truncatesrmal
distribution.



[3] Order theL bootstrap estimates of each element,éﬁobtained in [2] and construct a
(1— a) confidence interval.

Data

Cross sectional data from the year 2005 of 32 QeRaeailable for this resear€fthe data set contains
money values and (occasionally) prices and quastiif OPP field and office activities that are iemfr
out under the OSP, as well as other activities. ddta also contains information on environmenta an
organizational factors affecting the efficiency ayferation of each OPP. Besides the limitations and
remedies we discussed in the previous sectiorhéos¢cond stage regressions, the very small saizgle
can also be a challenge for DEA in the first stdgeasurement error in the data could shift the DEA
estimated frontier and would change the DMUs iédficy scores.

First Stage Data

For the first stage of our analysis we distinguikwo outputs and three inputs. Outputs are sesvice
provided under the OSRJ and other servicey4).'° Inputs are consumables,); labor &) and capital
(Xs). The quantity y, is measured in equivalent bovitand the quantity ofyf) is reflected by its
monetary value in 2005 prices, thereby ensuring qality differences between OPPs are reflected in
the quantity[g]. The quantity of consumables({) is measured in monetary value of 2005 and itsepri

W, is assumed to be unity. The quantity of lab& ) is measured in equivalent auxiliary technician
labor and its pricew, is measured as the average sample wage of thesafymvorker'? Finally, we

constructed a quality corrected measure of the alroust of capital to reflect the quantity of capitx;).

The quality corrected measure was obtained by itigithe observed inventory value of capital by the
average ratio of observed inventory value and afeseannual costs. Prior to estimation, all priced a
quantities have been normalized, i.e., they havenbdivided by their respective averages. In the
Appendix, Table Al presents the observed pricesqaadtities before normalization.

Second Stage Data

In the 2006 survey conducted among the OPP, sefatrs not under control of the OPP have been
identified by the veterinaries as having significarfluence on the performance of each OPP progidin
the OSP. The factors are: 1) the number of aniratib per farm, 2) the distance of the OPP headusart
to the farms, 3) farms’ dispersion, 4) the systdike@ping the animals on the farms, and 5) peoplthe
farms helping the OPP team containing the aniﬂ%zz\lsAccording to the veterinaries’ field experience,
the number of animal heads per farm (factor 1)eases the OPP efficiency of providing OSP services
because the number of farmers to be contacted adlesnand the time per animal head necessary to
provide the OSP is reduced. Distance of the OPRedarms and dispersion of the farms (factors@ an

8 A onetime survey was conducted of the 32 OPP 0650. The available data set has 32 corresponding
lines of observations.

° The practitioner rule for DEA suggests the neadlfZ0 observations for each dimension. According to
this rule, our sample size falls below reasonahtesholds. However, the rule is interpreted in the
literature as a desideratum rather than a necessadition. In what concerns measurement errdg da
collection and screening have been supervised kyodrihe authors. Therefore, we are confident that
measurement error is not a major problem in oua.dat

19 Examples of these other services are animal iiifsatton and control of existences, animal passport
animal hygiene, animal vaccination and other hesdtivices not included in the OSP, etc.

! Five small ruminants or one bovine correspondni equivalent bovine.

12 There are three types of workers in the OPP: weteans, auxiliary technicians, and administrative
workers. We have considered the average wage @ukidiary technicians and divided the cost of labo

of each OPP by this wage to comp¢g.



3) increase the time it takes to provide the OSP friavel costs and time spent by the OPP tearadse.
The system of keeping the animals (factor 4) vafietween dairy and beef farms. According to the
veterinaries, it is less complicated to provide @®P to dairy farms rather than to beef farms. IFintne
presence of people on the farms helping to cortenanimals (factor 5) reduces the time spent by an
OPP team providing the OSP.

In the second stage model, the first factor is nhenber of equivalent bovines per faridepf) The
number of kilometers traveled per farhikn) represents the second and third factors mentibeéate.
The fourth factor is reflected in two explanatopriables: the percentage of dairy farrRsldiry) and the
percentage of beef farm®lfeef. The fifth factor is measured bige reflecting the percentage of
farmers 50 years of age or older. The age of thades is likely to be an important variable expiagn
inefficiency differences since older farmers teachelp more containing the animals on the farms tha
younger farmers do. On average, older farmers benadler farms, produce beef instead of milk, ared ar
located in the mountainous areas of the Reghatditionally, we have included two environmental
factors:Psr, the percentage of small ruminants on total runtsamoth measured in equivalent bovines,
and Nfarm, the number of farms. Furthermore, we have alssidered some organizational factors of
each OPP such a&&str (a dummy variable indicating the output structuRdjw (percentage of total OPP
labor allocated to field work), an@pptype(a dummy variable indicating whether the OPP hgdoio a
Cooperative). Table A2, in the Appendix, providhe tlescriptive statistics of the variables usethen
second stage regression.

Empirical Results

The following abbreviations are used in this secticﬁ, =C3| (y, X,W,X|C,S), A = AlE,
C, =C,(v,xx|V). S =S (y,xx|S),andF, =F, (y,x;x|V,W).

First Stage Results

Table 1 shows first stage inefficiency estimatesly@wo out of the thirty two OPPs are efficienteoall

(11 and 22); most of the OPPs present some sotiiicefficiency. Although for a few OPPs allocative
and input congestion are important sources of iicieficy, for most OPPs scale inefficiency and pure
technical inefficiency are the major componentswarall inefficiency.

Table 1.First Stage Inefficiency Results

OPP ID # él A gl él |f| Returns to
Scale

1 0,644 0,180 0,464 0,000 0,000 IRS
2 0,668 0,019 0,453 0,000 0,196 IRS
3 0,608 0,105 0,503 0,000 0,000 IRS
4 0,702 0,032 0,199 0,000 0,471 IRS
5 0,615 0,078 0,537 0,000 0,000 IRS
6 0,801 0,060 0,448 0,000 0,293 IRS
7 0,786 0,013 0,479 0,294 0,000 IRS
8 0,786 0,059 0,335 0,000 0,392 IRS
9 0,677 0,041 0,113 0,000 0,523 IRS
10 0,332 0,224 0,108 0,000 0,000 IRS
11 0,000 0,000 0,000 0,000 0,000 CRS
12 0,717 0,067 0,111 0,212 0,327 IRS
13 0,595 0,049 0,134 0,412 0,000 IRS
14 0,417 0,071 0,227 0,010 0,109 IRS
15 0,051 0,051 0,000 0,000 0,000 CRS
16 0,657 0,080 0,577 0,000 0,000 IRS
17 0,621 0,029 0,190 0,000 0,402 IRS




18 0,592 0,059 0,170 0,000 0,363 IRS
19 0,770 0,053 0,089 0,000 0,628 IRS
20 0,697 0,032 0,196 0,031 0,438 IRS
21 0,423 0,064 0,148 0,000 0,211 IRS
22 0,000 0,000 0,000 0,000 0,000 CRS
23 0,620 0,252 0,368 0,000 0,000 DRS
24 0,780 0,030 0,521 0,000 0,229 IRS
25 0,671 0,081 0,099 0,011 0,480 IRS
26 0,792 0,037 0,219 0,054 0,482 IRS
27 0,777 0,109 0,668 0,000 0,000 IRS
28 0,295 0,118 0,085 0,092 0,000 IRS
29 0,602 0,036 0,183 0,000 0,383 IRS
30 0,765 0,104 0,231 0,430 0,000 IRS
31 0,585 0,055 0,125 0,405 0,000 IRS
32 0,687 0,033 0,403 0,086 0,165 IRS
Mean 0,585 0,069 0,262 0,064 0,190

Stdev 0,225 0,058 0,189 0,132 0,208

Of the thirty two OPPs three are scale efficierd #rus present Constant Returns to Scale (CRS). One
OPP is characterized by Decreasing Returns to S&iRS) and the remaining twenty eight show
Increasing Returns to Scale (IRS). Therefore, ¢iselt suggests that the vast majority of the OBB%o]
could improve efficiency by increasing the scaleopération. The only way for an OPP to expand the
size of the operation is by moving outside its axaunty area, into other OPP areBisat is, for some
OPPs to grow others need to disappear and/or sgraeof merging agreement must be implemented.

Pure technical inefficiency is an important sousE@efficiency for seventeen out of the thirty @ Ps.
This result suggests that many OPPs will possilalyeha substantial scope for improving efficiency of
providing OSP services. OPPs may improve their qwemformance for example by exchanging
information with other OPP¥.

Only two out of the thirty two OPPs are allocativefficient. However, allocative inefficiency is a
relevant source of inefficiency for only seven ORIRd it is particularly important for two OPPs (@d
23). This means that these OPPs can substanteldlyce their costs by choosing a mix of inputs that
takes into account the input prices, i.e. redueeuse of expensive inputs and increase the ushealpc
inputs.

Congestion inefficiency appears in eleven out ofythwo OPPs and is particularly relevant in fid®Ps
(7,12, 13, 30, and 31). Congestion inefficiencgadsised by the difficulty that OPPs face in adngsthe
quantity of inputs’ The sources of input congestion are investigatedubning the(V,W) model in
(10) (see Table A3 in the Appendix). In some OP#tggestion inefficiency is combined in all inputs. |
others, congestion is confined to a single inpaie Tesult that congestion is present in all ingutggests
that several OPPs face managerial or organizatjmedllems that inhibit them from adjusting the o$e
inputs. Managerial problems may arise from a laEkngentives among the management to adjust
(inertia); organizational problems may arise frdra presence of fixed contracts that limit the thékiy

of the use of inputs.

Second Stage Results

We built 95% and 80% Bootstrap Confidence InteruesisigL=2000 replications as suggested by Simar
and Wilson?Y. Simar and wilsor?! point out that the higher the confidence leveg thigher the
difference between the real and the nominal confidelevels. This is the reason we built 80%

3 According to UCADESAP", presently each OPP operates as if the other tdekist. UCADESA
hasn’t promoted this type of exchange yet.

* There has been a quick decline of farms and handsthus of services provided under the OSP for
some OPPs in the Regi6®. These OPPs may experience difficulties in a spoading reduction of
inputs.



Confidence Intervals. Table 2 shows second statge dweefficients and Bootstrap Confidence Intervals
for all the inefficiency estimates except congastimr which estimation was not possibteA parameter

estimate is significant when the value of zerodswithin the confidence interval.

Table 2. Second Stage Coefficients and Bootstrap Confidémteevals

(jl Coefficient BSCI, 5% BSCI, 20%
Constant 1,115* [0,702;1,564] [0,835;1,393]
Nebf -0,221* [-0,314;-0,132] [-0,284;-0,161]
Nkmf 0,010 [-0,695;0,089] [-0,042;0,062]
Pdairy 0,096** [-0,042;0,225] [0,008;0,182]
Pbeef 0,142 [-0,335;0,617] [-0,175;0,439]
OPPtype 0,041 [-0,078;0,165] [-0,039;0,121]
Ystr -0,035 [-0,129;0,062] [-0,098;0,029]
Plfw -0,122 [-0,431;0,193] [-0,328;0,084]
Age -0,325** [-0,724;0,081] [-0,586;-0,078]
Psr 0,377** [-0,115;0,081] [0,075;0,687]
Nfarm -0,126* [-0,195;-0,055] [-0,173;-0,079]
AI Coefficient BSCI, 5% BSCI, 20%
Constant 0,090 [-0,207;0,382] [-0,095;0,272]
Nebf 0,044** [-0,017;0,103] [0,000; 0,078]
Nkmf -0,019 [-0,082;0,035] [-0,057;0,016]
Pdairy -0,098** [-0,195;0,008] [-0,152;-0,021]
Pbeef -0,264** [-0,777,0,092] [-0,540;-0,022]
OPPtype -0,028 [-0,126,;0,070] [-0,085;0,038]
Ystr 0,066** [-0,011;0,142] [0,013;0,106]
Plfw -0,074 [-0,288;0,151] [-0,204;0,068]
Age 0,140 [-0,125;0,413] [-0,041;0,305]
Psr -0,349** [-0,738;0,008] [-0,568;-0,081]
Nfarm -0,042** [-0,100;0,014] [-0,074;-0,004]
gl Coefficient BSCI, 5% BSCI, 20%
Constant 0,742* [0,065;1,419] [0,286;1,159]
Nebf -0,062 [-0,222;0,092] [-0,166;0,045]
Nkmf -0,054 [-0,198;0,067] [-0,142;0,026]
Pdairy -0,231* [-0,444,;-0,005] [-0,354;-0,071]
Pbeef 0,129 [-0,603;0,825] [-0,358,0,566]
OPPtype -0,087 [-0,261;0,109] [-0,200,0,043]
Ystr 0,101 [-0,067;0,253] [-0,015;0,190]
Plfw -0,499** [-0,992;0,039] [-0,791;-0,144]
Age 0,360 [-0,267,0,988] [-0,066;0,715]
Psr -0,093 [-0,891;0,613] [-0,567,0,402]
Nfarm -0,253* [-0,395;-0,111] [-0,328;-0,155]
'EI Coefficient BSCI, 5% BSCI, 20%
Constant 0,450 [-0,592;1,539] [-0,192;1,107]
Nebf -0,260* [-0,547;-0,005] [-0,403;-0,076]
Nkmf 0,069 [-0,128;0,242] [-0,056;0,175]
Pdairy 0,133 [-0,180;0,438] [-0,066;0,325]
Pbeef -0,228 [-1,618;0,829] [-1,076;0,424]

15 For twenty one out of the thirty two OPPs congesiinefficiency is zero (Table 1). Thus, we lack
degrees of freedom to run the truncated regredsiocongestion inefficiency estimates.

% Table A4 in the Appendix yields some diagnostiatistics for the second-stage regressions. The
assumed model is questionable only for the alleeatiefficiency estimates.
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OPPtype 0,077 [-0,198;0,362] [-0,106,0,246]
Ystr -0,015 [-0,237,0,216] [-0,154,0,133]
Plfw -0,331 [-1,084;0,470] [-0,791,0,194]
Age 0,035 [-0,947;1,030] [-0,577;0,598]
Psr -0,134 [-1,470;0,891] [-0,898;0,573]
Nfarm 0,045 [-0,128;0,210] [-0,070;0,147]

Significance at the 5% level is indicated by a statt at the 20% level is indicated by two stars.

Overall inefficiency is affected negatively andrsfgcantly by Nebf (the number of equivalent bovines
per farm),Age (the percentage of farmers over 50 years or agg)Nfarm (the number of farms), and
positively and significantly bysr (the percentage of small ruminants on total rumisian equivalent
bovines). The effects are in accordance with ther mxpectations of the veterinaries, i.e. trarisact
costs and time spent with the OSP diminish witebf Although associated with smaller and more
traditional farms producing beef, sheep, or goats @sually located in mountainous areas, older éasm
offer more help to the OPP teams in handling thmals than younger farmers do. The efficiency & th
OPPs increases with scale. Finally, OPPs dealitly shieep and goat farms are less efficient overall.

Allocative inefficiency is affected negatively tdairy (the percentage of dairy farmdppeef (the
percentage of beef farmdPsr and Nfarm and most positively byNebfand Ystr (a dummy variable
indicating output structure). The results indichtzt the OPPs dealing with more specialized famakgca
herds succeed more in choosing a mix of inputs hiaimizes costs at given input prices than other
OPPs. The results also indicate that the OPPsndewlith larger farms and the OPPs developing other
services besides the OSP are less successful imgnedst effective choices of input bundles. Theela
result concerning output structure deserves a wargérpretation. Some OPPs in the Region arenfpai
quick decline of farms and herds and, thus, ofsthivices they provide under the OSP. Because inputs
lag declining, these OPPs are becoming more ané mefficient. A strategy they follow to reduce ithe
inefficiency is to allocate inputs to the developrnef other services besides the OSP. This strategy
well documented in UCADESA . Thus, these OPPs are not more inefficient becthese develop
other services. On the contrary, these OPPs woalldven more inefficient if they were not developing
these other services.

Scale inefficiency is affected negatively and digantly by Pdairy, Plfw (the percentage of labor
allocated to field work) antifarm The results suggest that the OPPs with a largereptage of dairy
farms operate on a more optimal (higher) scaleryDfarms are located in the coastal counties of the
region where OPPs are characterized by a largér s€aperation. They also suggest that the OP&s th
operate on a larger scale allocate more laborefd fivork and thus less labor to administrative work
Finally, the results oNfarmindicate that scale efficiency of the OPPs inagsasith scale of operation.

Pure technical inefficiency is affected negativahd significantly only byNebf The result is in line with
the prior expectation expressed by the veterinaBgssorting the OPPs from the lowest to the highes
value ofNebf one takes that OPPs with similar valuesNebfcan have significantly different values for
pure technical inefficiency. That is, althoubebfappears to be an important source of variability f
pure technical inefficiency, there is scope foreptachnical inefficiency improvements by the OPPs.

In order to determine the relative importance ofiemmental and organizational factors, we have
computed the amount of variability of inefficientlyat could be explained by the variability of these
factors. The computations show thidebf is the most important source of variability for caié
inefficiency, followed byNfarm, Age Psr, andPdairy. The variabilities ofNebfand Psr are the main
sources in approximately equal shares for the Wiitia of allocative inefficiency, followed byPdairy,
Pbeef,Ystr, andNfarm, the latter also in approximately equal shalfarmis the most important source
of variability for scale inefficiency followed byPdairy and Plfw. Nebf variability is the only
(environmental) factor source of variability forrputechnical inefficiency. We conclude tHdébfand
Nfarmare the major (environmental) factors influending efficiency performance of the OPPs.

Potential Gains from Mergers

-11 -



OPPs 2, 3, 5, 6 and 8 are presently in a procesgedgjing. In order to measure the potential gaiomf

merging, the pooled OPP inefficiency scores aremded from the DEA estimated frontié}. Table 3
provides the results.

Table 3. Potential gains from merging OPPs

OPPID# | 0, A S, C, F Nebf Nfarm

2 0,668 0,019 0,453 0,000 0,196 6.95 549
3 0,608 0,105 0,503 0,000 0,000 6.76 517
5 0,615 0,078 0,537 0,000 0,000 7.38 445

6 0,801 0,060 0,448 0,000 0,293 5.87 476
8 0,786 0,059 0,335 0,000 0,392 6.78 464
Pooled 0,715 0,045 0,018 0,063 0,589 6,75 2451

Although the pooled OPP still presents increasieturns to scale, scale inefficiency decreases
substantially. Mergers with similar values fdebfhave significantly different values for pure teiah
inefficiency. Thus, there is scope for pure techhifficiency improvements by these OPPs. The large
increase of pure technical inefficiency for the lgoloOPP is a consequence of returns to scale.i$hat
the same amount of outputs can be produced witbrfawputs.

Conclusions

A two-stage approach is employed to analyze théieficy performance of cooperatives (OPPSs)
responsible for ruminants’ disease control at #renflevel in the Northwest region of Portugal.

Our first-stage results indicate that most of tHeP® present some source of inefficiency, namelie sca
inefficiency (increasing returns to scale) and peahnical inefficiency. Thus, it is possible fbetOPPs

to reduce the unit cost of providing the OSP sexwias well as the other services by removing these
inefficiencies. For some OPPs to grow in scale rsthieed to disappear and/or some type of merging
agreement must be implemented. The potential eff@yj gain for a group of five OPPs that is cursentl

in a process of merging was investigated. Scaleieficy largely improves although returns to scalke

not totally exhausted. In addition, due to retutmscale the same amount of outputs can be produced
with fewer inputs. The empirical results also irad&that there is scope for improving on pure teein
efficiency by exchanging information across OPPs.

Our second stage results suggest the influenceneifammental and organizational factors on the
efficiency performance of the OPPs. The numberqoivalent bovines per farnNgb)) and the number
of farms (farm) have been identified as the major factors inftueg the efficiency performance of the
OPPs.Nebfis directly connected with the evolution of theiagltural sector and tends to increase over
time with modernization and the inherent increasns’ scale of operation.
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Appendix

Table Al. Observed Prices and Quantities

OPP Quantities Prices

ID# 1y, Y, X X, X3 Py Py | Wi | W W

1 3864.00 | 0.00 8393.50 407 30405.15 18.21 1.000 [110394.45 0.11
2 3814.00 | 0.00 11411.7§ 6.21 20472.35 19.71 1.000(110394.45 0.11
3 3492.40 | 0.00 7486.62 6.14 11881.43 2(¢.04 1.000 [110394.45 0.11]
4 5845.00 | 0.00 30179.29 8.24 34737.54 20.47 1.000(110394.45 0.11
5 3282.80 [ 5000.00 8503.29 415 20472.35 19.08 [1DO0| 10394.45 0.11
6 2795.20 | 0.00 2547597 3.98 30405.15 16.29 1.000)110394.45 0.11
7 3340.00 [ 100.00 37194.23 488 21814.62 17.21 [1DO0| 10394.45 0.11
8 3145.20 | 9164.71 27129.0( 49p 38995.68 20.17 [1DO0| 10394.45 0.11
9 8589.60 | 0.00 39451.00 11.289382.45 | 20.33 1.00 1.00 1039445 0}11
10 6166.60 | 12666.00f 19725.85 2.50 2181462 15.500 (11.00| 10394.4% 0.11
11 5260.00 | 146214.86 1113181 5.14 3032661 14.700 [11.00| 10394.4% 0.1f1
12 9874.60 | 0.00 88880.49 8.89 51765.80 17.30 [.000(110394.45 0.11
13 10400.00 0.00 39543.62 | 13.2834737.54 | 17.15 1.00 1.00 1039445 0}11
14 8080.00 | 15176.90 28694.38 6.30 2181462 1y.5860 (11.00| 10394.4% 0.11
15 32100.00 0.00 83640.00| 10.2046165.39 | 9.93| 1.00 1.00 10394.45 0J11
16 2481.40 | 9211.50 14390.2% 3.98 11881.83 18.770 |L1N00| 10394.45 0.1
17 6905.60 | 6615.81 27701.20 8.46 3324248 14.460 [1ND00| 10394.45 0.11
18 8076.80 | 8120.00 22284.00 9.67 43175.,8 21.100 [1N00| 10394.4% 0.11
19 7173.80 | 0.00 47753.66 11.064989.90 | 21.59 1.00 1.00 1039445 0j11
20 6548.00 | 8422.10 47763.80 8.71 31900.p1  16.720 [1D00| 10394.45 0.11
21 10635.00 0.00 37202.24 | 6.31] 30405.1% 16.839 1|00 1.00 103940111
22 50369.00 0.00 52295.36 | 29.3p79486.41 | 12.44 1.00 1.00 1039445 0}11
23 19707.40 189854.10| 211952.0p 16.97104651.24] 12.9¢ 1.0p 1.0 1039445 0|11
24 2593.80 | 0.00 15967.00 5.05 21814.62 24.81 [1.000(110394.45 0.11
25 9560.80 | 0.00 34626.47 11.8%4767.26 | 18.87 1.00 1.00 1039445 011
26 3233.80 | 34014.60[ 46978.98 7.73 40791.p2 2}.960 (11.00| 10394.4% 0.11
27 2618.40 | 0.00 28398.00 2.58 21814.62 21.88 [.000(110394.45 0.11
28 16940.20 0.00 27324.61| 10.9648928.48 | 11.33 1.00 1.00 10394.45 0}11
29 6568.00 | 30000.00f 18300.00 9.91 43175.p8 15.280 (11.00| 10394.4% 0.11
30 4270.00 | 5500.00 18000.00 6.76 51765.80 27.280 |1N00| 10394.45 0.1
31 10425.60 9928.20 28348.67| 15.7637728.98 | 21.97 1.00 1.00 1039445 0}11
32 3597.60 | 15646.66| 29307.70 4.41 23309.68 17.400 (11.00| 10394.4% 0.11
Mean| 8804.83| 15801.11f 36732.3%@ 8.42 3809440 18260 1.00{ 10394.4% 0.1
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| Stdev| 9693.50| 41203.59 37154.62 5.27 19823/98 4.1000| 0.00] 0.00 | 0.00
Source: OPP Survey
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Table A2. Observed Environmental and Organizational Factors

OPP Environmental and Organizational Factors

ID # | Nebf Nkmf Pdairy| Pbeeff OPPtypg  Ystr Pliw  Age Psr ani

1 7.70 39.84 0.56 0.00] 1 0 0.31 99.00 0.02 502
2 6.95 91.07 0.50 049| O 0 0.53 85.00 0.03 549
3 6.76 48.36 0.03 0.01] 1 0 0.58 90.00 0.04 517
4 8.12 82.85 0.97 0.01] 1 0 0.37 80.00 0.02 720
5 7.38 38.20 0.91 0.00] 1 1 0.46 80.00 0.03 445
6 5.87 25.21 0.73 0.01] O 0 0.48 80.00 0.09 476
7 3.73 25.67 0.99 0.00] 1 1 0.33 90.00 0.16 896
8 6.78 37.86 0.51 032] 1 1 0.51 60.00 0.05 464
9 4.12 33.59 0.95 0.00] 1 0 0.58 90.00 0.17 2084
10 21.26 68.97 0.81 0.06) 1 1 0.95 80.00 0.0%1 290
11 17.65 25.17 0.58 0.08 1 1 0.44 85.00 0.01 29§
12 5.05 9.47 0.59 0.00] 1 0 0.51 75.00 0.13 1954
13 7.64 33.04 0.04 0.01] O 0 0.38 55.00 0.25 1362
14 10.77 20.00 0.33 0.02] 1 1 0.58 80.00 0.0%1 750
15 50.79 109.88| 1.00 0.00f 1 0 0.56 20.00 0.0(q 637
16 5.36 43.20 0.05 0.00f 1 1 0.69 80.00 0.17 463
17 3.64 39.41 0.91 0.00f O 1 0.57 99.00 0.44 1896
18 4.13 13.81 0.98 0.02] 1 1 0.51 70.00 0.08 1955
19 4.61 23.67 0.32 0.00f 1 0 0.51 85.00 0.16 1555
20 6.04 46.13 0.63 0.00f 1 1 0.42 70.00 0.24 1084
21 15.13 19.20 0.88 0.01 1 0 0.50 70.00 0.07 703
22 17.86 34.74 0.26 0.000 1 0 0.50 60.00 0.0¢ 2820
23 19.36 46.52 0.59 0.04 1 1 0.38 45.00 0.01 1018
24 3.32 8.31 0.05 0.00] 1 0 0.3%5 74.47 0.51 782
25 6.83 115.22| 0.07 0.01 1 0 0.50 70.00 0.07% 1400
26 2.71 22.97 0.97 0.00f O 1 0.52 80.00 0.33 1193
27 1.73 11.30 0.10 0.00f O 0 0.47 90.00 0.27 15113
28 42.46 50.13 0.97 0.03] 1 0 0.48 10.00 0.0( 399
29 3.61 16.49 0.97 0.00f O 1 0.51 90.00 0.27 1819
30 4.74 18.89 0.50 0.00f 1 1 0.74 98.00 0.20 900
31 3.23 10.83 0.01 012 1 1 0.35 80.00 0.26 3232
32 4.44 61.73 0.06 022 1 1 090 75.00 0.11 810
Mean| 9.99 39.74 0.56 0.05 0.51 74.87 0.13 1109
Stdev| 10.94 27.83 0.37 0.11 0.1p5 20.00 0.13 74(

Source: OPP Survey
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Table A3. Sources of Input Congestion

OPP ID # Combined X, X, X,

1 0,000 0,000 0,000 0,000
2 0,000 0,000 0,000 0,000
3 0,000 0,000 0,000 0,000
4 0,000 0,000 0,000 0,000
5 0,000 0,000 0,000 0,000
6 0,000 0,000 0,000 0,000
7 0,294 0,294 0,000 0,000
8 0,000 0,000 0,000 0,000
9 0,000 0,000 0,000 0,000
10 0,000 0,000 0,000 0,000
11 0,000 0,000 0,000 0,000
12 0,212 0,212 0,000 0,000
13 0,412 0,000 0,006 0,000
14 0,010 0,001 0,000 0,000
15 0,000 0,000 0,000 0,000
16 0,000 0,000 0,000 0,000
17 0,000 0,000 0,000 0,000
18 0,000 0,000 0,000 0,000
19 0,000 0,000 0,000 0,000
20 0,031 0,031 0,000 0,000
21 0,000 0,000 0,000 0,000
22 0,000 0,000 0,000 0,000
23 0,000 0,000 0,000 0,000
24 0,000 0,000 0,000 0,000
25 0,011 0,000 0,000 0,011
26 0,054 0,054 0,000 0,000
27 0,000 0,000 0,000 0,000
28 0,092 0,000 0,000 0,092
29 0,000 0,000 0,000 0,000
30 0,430 0,000 0,000 0,430
31 0,405 0,000 0,405 0,000
32 0,086 0,086 0,000 0,000
Mean 0,064 0,021 0,013 0,017
Stdev 0,132 0,064 0,072 0,077

Table A4.Second Stage Truncated Regressions Descriptivist®sit

Lower Upper Log # of Wald Prob > chi2
Limit limit likelihood observations| chi2(10)
él 0 +inf 33,363511 31 107,79 0,0000
”I 0 +inf 58,67883 31 8,42 0,5877
él 0 +inf 26,929811 29 31,68 0,0005
|f| 0 +inf 17.597989 17 24,96 0,0054
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