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Abstract

This study deepens the measurement of technical inefficiency in
private maize farming in Georgia, applying localy parametric (LP)
regression method, which builds on the stochastic frontier production
function approach. Detailed survey data for 221 mixed farms for
1997 ae used in the estimations. Findings suggest: (i) maize
production can be further increased by breaking up large farms into
smaller parcels; and (ii) increased schooling and farm experience of
new private farm operators would reduce the inefficiency.
Furthermore, globa and local estimations of the inefficiency suggest
different policy directions as to the future of maize prejudice broad-
based farm reforms. On the contrary, the loca estimations, pointing
out relatively large farms as the key source of the inefficiency, favor
the design of specific policies for the effective operation of large
farms.
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1. Background and Introduction’

Farm inefficiency and its determinants have since long enjoyed
prime interest in  much empirica and theoretical work, beginning
with Farrdl (1957), continuing with Aigner, Lovel, and Schmidt
(1977) and Mausen and van den Broeck (1957), and most recently
including Bauer (1990), Cornwdl, Schimidt, and Sickles (1990),
Greene (1993), Lee and Schmidt (1993), and Battese, Mdik, and Gill
(1996) among others. The main goal of these studies was to estimate
the amount of output foregone due to inefficient use of inputs and to
determine key factors that account for this inefficiency.

Technical inefficiency is a measure of the gap between the frontier
(or ided) and the actua output levels. Consider, for example, a
production relation, y = (c), where |(.) denotes production
technology that trandates inputs, c, into outputg If a farm employs
the optima bundle , together with the most appropriate technology,
the production relation would hold as y is the frontier output. On the
contrary, when either inputs are used sub-optimdly or an
ingppropriate technology is adopted, the same production relation

would take the fomof y=|(c) + u, whereu=(y-y)=0isa
measure of technical inefficiency. Such formulation of the
production relation is deterministic since the inefficiency is attributed
only to farmers’ sub-optimal choice of input use.

In the case the production relations is also affected by exogenous
factors, those that are not under the control of farmers, the stochastic
frontier production function approach, first introduced by Aigner,
Lovel, and Schmidt (1977) (ALS henceforth), becomes suitable to
estimate the inefficiency to estimate the inefficiency. The stochastic

frontier production takes on the form, y = (c,}), + e, whereRisa
vector of coefficients to be estimated; e = n+ 4, a composite error

1 The authors like to thank Michiel Keyzer, Geert Overbosch, Maater Nube, and
seminar participants a the Center for World Food Studies-Free University
Amsterdam (SOW-VU) for their comments on The earlier version of. the paper. At
The time a first draft of. This study was completed, The first author was associated
with The SOW-VY.
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term; n, random error; and p , the inefficiency. This formulation of
the production relation assumes that n and u follow a symmetric (the
normal) and an asymmetric distribution (the haf-norma),
respectively; and that both n and yu are orthogonal to each other and
to c. These assumptions would alow to disentangle n and u  from
the estimated composite regression errors é

One of the disadvantages of the stochastic frontier approach is that
it podtulates two parametric specifications. one for the probability
digribution of n and p  and another for the production rlation | (.).
Adams, Berger, and Sickles (1999) relax these specifications by
applying a semi-parametric efficient estimator.” They further use
panel data to disentangle the time-varying error term, n j;, and the
time-invariant inefficiency, 1 i, from the estimated regression errors

€, Unfortunately, their methodology does not alow to study the
inefficiency in a cross- section context.

In recent years, nonparametric approaches began to become
popular in estimating the inefficiency, as they are free of
distributional assumptions and ad hoc functional specifications. Data
Envelopment and kernel density regression methods are the two most
commonly applied in the literature. They both attribute all deviations
from the estimated frontier to the inefficiency, thus setting the
random error term n = 0. A third method, introduced by Varian
(1984), incorporates economic regularity conditions to the frontier
analysis by finding the minima perturbation of data that satisfies the
inequality relations implied by the weak axiom of reveded
preference. Although these techniques generate estimates robust to
misspecification, their precision varies inversaly with the number of
explanatory variables and the number of observations ( Hardle, 1991,
Yatchew, 1998), and hence parsmony is important when such
techniques are applied.

The current study introduces Tibshirani and Hasti€'s (19987)
locally parametric (LP) regresson method to estimate technical

2 See Greene (1990) for the implications of these assumptions.
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inefficiency in maize farming in Georgia, usng detailed survey data
for 1997. The basic idea underlying the LP method is to localy apply
in input space ALS's globaly parametric (GP) method. The
observations sufficiently close to the postulated input vector x are
used to estimate the coefficients of the GP model and the parameters
of the normal and half-norma distributions. Therefore, the LP
coefficient estimations will vary in different parts of the input space,
as opposed to the GP estimations fixed for the entire input space.
With the gpplication of the LP method, we introduce to the literature
a way for deepening the measurement of technical inefficiency.
Finally, the study quantifies the efficiency gains attributed to the LP
method by comparing it to the estimates from the GP method.

2 Model Specification and Estimation

Consider a Cobb-Douglas production function:

A ) .
Y=A & xil wita?=11 =1
: J J
=1
where Y and X stand for farm production and input, respectively.
Subscripts 1= 1,..., nand j =1,..., Z represent the number of farms
and inputs used, respectively. A;, the coefficient of technica

efficiency of farm 1, is such that A* = A; for dl i. The production
frontier is then given by

v=e' O, €

where the random error term v = 0 and A, = A* for dl i. Following
Aigner et d., EQ. (1) isrewritten as

N 2z
Y =e'e"[Ix U v =aa;x +e, @
iz j=

with Y= In (Y i), %Ki =|n(Xij), Ui=|n (A i/ A*), and e =V + U. It
should be noted that v is an ordinary random error possibly taking on
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either negative or podtive vaues, however, by definition, the
measure of inefficiency u;, must be non —positive. Again, following
Aigner et d., we modd this by setting u;, =/ u; / and assuming that

v; and u;, have zero-mean norma distributions with variances SV2

and s > respectively. Furthermore, v and u are assumed to be
orthogonal to each other and to the regressors ;.

Aigner et ad’s mode is parametric in two respects. Firgt, the
specification of the maximum output function in Eq. (2) is
parametric. For example, by imposing the linear structure as in Eq.
(2), we are essentiadly imposing a Cobb-Douglas type production
function. Though this the true production function is of the CES-
type, we are likely to end up with biased estimates of the components
in Eq. (2). Second, Aigner et al”s approach concerns the normal-hdf-
norma specification imposed on (v, u). Though this specification
captures the different nature of the error components, the imposed
distributional shape might be overly redtrictive. As discussed in the
introduction, Adams et a. relax these parametric assumptions. In
particular, they apply kernd estimation techniques to estimate the
density of e; adaptively. As they employ panel rather than cross-
section data, they are able to construct consistent estimates of y by

averaging the estimation errors € over timet,(i.e,u=T* S'w; 6, ).

They also sketch an approach by which one can further relax the
parametric assumptionson | (.) and estimate | (.) rather than | (.; 3)
for given | (.; .). Following Tibshirani and Hastie (1987), the current
study applies the LP approach based on Aigner et a’s GP approach
®. Let our model be given by,

yi=i(c)+u+ v,
whereu; =-/u;_/ and
aE‘/i 9., g% & 2(x)
- § 0 s x-

§Hi8

@

% The reader lesreferred to Loader (a996) and Hjort and Jones (1996) for
more reading on The LP approach.
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Note that the linear parametric assumption in Eq. (2) is relaxed by
letting | (.) depend (and possibly non-linearly) on the input vector c;.
Furthermore, the parameters of the normal-haf-norma digtribution
depend on the value of ¢, . In thisway, the distribution of e; may take
different shapesin different parts of the input space.

To estimate the parameters of Eq. (3) and Eq. (4) , we use locally
weighted maximum likelihood based on a nearest-neighbor type
weighting scheme. Let

il (c)s/(c)s ()= én w(x- x;;k,). iG(€).s ) (c)s ;(c)),

i=1
®)
where n is the number of observations; k,, a smoothing parameter
giving the number of nearest neighbors; and , the globa likelihood
of the normal-haf-norma mode (see Aigner et d. (1977) for the
precise formulae). The Weightsin Eq. (5) are of the form

(v - v.)2
w(x- xk =0T dhilx-x%)

Y
_h(kn'x) h(k,, X) )]{01](di (x- %)/ h(k,x)) (6)

where the Mahalanobis distance is defined as

di(x- %) =4/ (X~ %) Cov(x) X(x- ;).

Cov (.) stands for the sample covariance matrix; 1 A (.), the indicator
function for the set A; and h (k ,,, X), aconstant such that are closer in
input space to the postulated input vector X receive a larger weight in
the weighted likelihood Eq. (5). To obtain consistency, we need n, k,
® ¥ aswdl ask ,on ? 0 (see Silverman (1986)).

Using the approach sketched above, we maximize the weighted
locdl likdihood Eq. (5) for X= Xi,..., X,; thusobtaining n estimated
tuples ( (ci), , . We need to estimate farm i’s technica inefficiency,
u. For cross-sectional data; however, this is not possible because the

regression error € = [y - (; (c;)] isacomposite of. The random error
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v and The inefficiency measure u. These two terms cannot be
identified separately, therefore, instead of. Usng u, we use either
E[u /x=c; , e=€ ] or E[exp (u )/x=c; , &=€ ]. After some algebra,
we derive The following two expressions:

sfdief’s)

E[u Ix=c; ,ei=éi]=| i 6 . _—
F(-1.e/s;)

And
E[exp (u )/x=c; , e=€ ]=

F(-(lie +s7)/s))
F(-1ie/s;)

exp.(l g +s7/2)

With &(.) the standard norma dengity function, f (.) the normal
digribution  function, 1, = s?(c)/( s’(c)+s 2(cy), and

s 2 =1's ?(cy). Itis graighforward to verify that these inefficiency
measures tend to zero if € ® ¥ ,andto -8 for € ® -8

3 An Application

Using data from a rural household survey conducted in Georgiain
1997%, the GP and the LP methods are applied (i) to estimate a
production function for maize, which is, by far, most commonly
grown crop by private farmers that emerged after independence in
1991, (ii) to measure farm-level technicd inefficiency, and (iii) to
identify the determinants of this inefficiency. Thereafter, the

4 The Rura Poverty Study of. The Caucasus Countries-Georgia was
conducted in 1997 by The Center for World Food Studies of. The Vrije
Universiteit (SOW-VU), Amsterdam, The Netherlands, in collaboration
with The International Center for Reformation and Development of.
Georgian Economy (ICRDGE), Thilis, Georgiaa The study was
commissened by The International Fund for Agricultural Development
(IFAD).

119



International Journal of Applied Econometrics and Quantitative Sudies. vol.2-1(2005)

performance of these two methods is compared with respect to their
explanatory power.

3.1 Production function

A production function of the form, y = | (c;)+ &, les estimated,
where y;= In(Y;) is farm |I's maize production, c¢;=[In(K;), In(N;),
In(L;)] les a vector of. Inputs farm i uses, and e, les The disturbance
term. The inputs K; N; and L; denote total machine hours, total labor
hours, and total harvested area (i.e. , as a measure of. Farmsize),

respectively.

The full-sample GP egtimations of. The production function are
reported in Table I°. Capitd is found to be the only significant input;
and farmsize varies inversely with the production. (This is an
empirical relationship well-documented in the literature®) Also
reported in Table 1 are the estimates of standard errors of the
stochastic error, s,, and of the technical inefficiency, s,. That the s,
(2.05) swamps the s, (0.11) suggests that inefficiencies should
especidly be attributed to factors under the control of farmers. This
clear dominance of the technical inefficiency component over the
stochastic component stems partly from the omisson of other
production inputs, like fertilizer, since the omitted variables can be
viewed as farmers inability in choosing the right bundle of inputs
that play significant role in farm production.

In order to examine whether small farms differ from large one with
respect to technology and technical inefficiency parameters, the GP
estimations of the production function are performed separately for
each farmsize (see Table 2). Farms in the lowest 33 percentile of the

® Fertilizer use was excluded from The estimations as its inclusién reduces
The number of. Observations in The sample. The new private farmes hardly
apply fertilizer in their maize farming because of high price and
dismanteled distribution system.

® For a thorough examination of. The inverse relationship in The context of.
Both farming in developing and developed countries, The reader les
referred to Stanton (1978), Feder (1985) and Tavernier, Teme, and Li
(1997) among others.
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variable L; are classified as smdl; those in the middle 33 percentile,
as medium; and those in the highest 33 percentile, as large farms. For
smdl farms, capital and labor both have podtive but satisticaly
inggnificant contribution to the production. For this group, technica
inefficiency originates mostly from factors under the control of
farmers, implied by /s,/ > /s,/. For medium-size farms, only labor
postively and significantly contributes to the production, however,
capita”s contribution is negative, though statistically insgnificant.

Table 1. The GP estimation of the production function (Full sample)

Parameters Estimates Std. err. Est./s.e. |Prob.

Constant 85158 0.8644 9.852 0.0000
Capital 0.0790 0.0475 1.662 0.0483
Labor 0.0690 0.1472 0.469 0.3197
Land -0.1441 0.2298 -0.627 0.2654
Sigma (v) 0.1051 0.2640 0.398 0.3453
Sigma (u) 1.0524 0.2473 4.256 0.0000

This negative relationship between machine hours per hectare and
the production can partly be attributed to the fact that most large
farms and most state and collective fams. A large number of
respondents in the survey declared that machines often had technical
problems during the field work, resulting in low production. For
large farms, random factors seem to play more important role than
factors under the control of farmers, implied by /s./ > /s, /.

To test the hypothesis that small, medium, and large farms dl face
the same condtraints and operate under the same technology
condraints, the three regression models in Table 2 are compared
par-wise by using chi-square tests. Results are reported in Table 3,
indicating that none of these pair-wise comparisons is statisticaly
sgnificant. This suggests that similar production constraints apply to
al of the private farms concerned, and hence the estimated
production function in Table 1 is assumed to represent the average
maize production relations in the survey at hand.
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Table 2. The GP estimations of the production function by farmsize
Parameters | Estimates | Std. err. | Est./s.e. | Prob.

(Smallest 33%)
Constant 8.16 126 | 647 | 000
Capita 010 021 | 048 |03
Labor 015 030 | 051 | 030

Sigma (V) 0.00 1.00 000 [ 050
Sigma (u) -1.05 0.20 -514 | 0.00

(Medium 33%)
Constant 7.63 0.77 9.86 0.00
Capital 0.03 0.073 0.47 0.32
L abor 0.28 0.18 161 0.05

Sigma (V) -0.12 0.03 -392 | 000
Sigma (u) 0.93 0.10 920 | 0.00

(Largest 33%)
Constant 7.67 0.58 1334 [0.00
Capital -0.10 0.10 -100 (016
L abor 0.17 0.10 171 004
Sigma(v) | 053 0.10 531 [0.00
Sigma(u) | 0.36 0.49 074 (023

Table 3. Chi-square tests for differences in the production relation
between farmsizes

Test statistic | p-vaue
HO: smdl =medium 0.3211 0.9560
HO: smdl =lage 3.4070 0.3330
HO: medium = large 4.7410 0.1918

Conclusion 1 Production relations are indifferent across farmsize.
This suggests that a single production relation estimated by the GP
method using the entire sample is to represent all farms under
investigation.

3.2 Technical inefficiency
Farm technical inefficiency is quantified by the conditiona

estimations, E[u /x=c; =€, ] = h (c) and E[exp (u) /x=c;e=€ ] =
h (c) where ¢ = (a,e,m.s) isavector of characteristics of i farm
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operator, @ is operator i’s age, g is farming experience in years, m
is farm management experience, and s is years of schooling. The
hypothesis that maiz production is indifferent across male and female
operators cannot be tested, as our survey has only a few female
operators. Farming experience and farm management (both measured
in years on present farm), and schooling should be regarded as
possble determinants of technical change. Experience should
increase maize production through the enhancement of farmer’s
allocative ability for input use decisions.

3.2.1 GP estimations. The two types of the conditiona inefficiency
measures given above are estimated by using € , which is obtained
from the production function estimation in Table 1. The vector of
characteristics ¢ is regressed on E(exp(u)) €) and E(UW €)
separately, and the estimation results are presented in Tables 4 and 5,
respectively. The signs and the levels of significance of the estimated
coefficients remain the same across the two regression models.

Table 4. The GP estimation with the dependent variable [exp(u) /€]

Vaiable | Estimate Standard | t-value Prob Standardized | Cor with
Error >/t/ Estimate Dep var
Constant 0.48 0.10 4.68 0.00
school -0.01 0.005 -1.40 0.16 -0.10 -0.08
Exper -0.001 0.001 -1.29 0.20 -0.13 0.01
Age 0.002 0.001 154 0.13 0.16 0.08
mngtexp 0.06 0.03 2.06 0.04 0.14 0.12
Obs. 221; | R-squared: | 0.037, F(4,216). | 2.066; | Probability of |F: 0.086
Table 5. The GP estimation with the dependent variable [u/€]
Variable | Estimate Standard |t-value Prob Standardized | Cor with
Error >/t/ Estimate Dep var
Constant -097 0.25 -3.79 0.00
school -0.02 0.01 -1.30 0.20 -0.09 -0.07
exper -0.01 0.003 -1.37 0.17 -0.14 0.02
Age 0.01 0.004 179 0.07 0.18 0.10
mngtexp 0.17 0.07 2.54 0.01 0.17 0.16
Obs: 221; | R-squared: | 0.049; F(4,216): | 2.759; | Probability of | F: 0.029
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The estimations indicate the inefficiency decreases with more
schooling and more farming experience, while ncreasing with age
and more management experience. Surprisingly, the only
satigticaly significant variable, which is also robust across the
regression models, in management experience. Such a controversia
finding can, to a large extent, be atributed to the fact that the
Georgian land reform entitled, without discriminating, managers of
old collective farm and elderly people to receive land from the
government, athough these people were not able to effectively use
the land for productive purposes, at least in the early years of reform.
As aresult, inefficiency was high among then.”

The two regresson models of the conditiona inefficiency are
further estimated by using the demeaned variables (see Tables 6 and
7)%. The intercept terms in these models measures the inefficiency of
an average farm and are significant at the 0.01 level. Similar to the
findings above, the inefficiency seems to decline with more
schooling and more farm experience and to increase with age and
management experience, and again the only significant variable is
management experience.

The difference between the intercept term (0.479) in Table 4 and
that (0.496) in Table 6 amounts to 0.017, which suggests that an
average farm is more efficient relative to a farm run by an qoerator
who literdly has no schooling, no farm experience, and no
management experience. A similar comparison of the intercept terms
in Tables5 and 7 resultsin 0.118.

" The GP estimationsin Tables 4 and 5 were also carried out by omitting
“age”, but the results remained the same.

8 Let y and ? stand for the origina variable and its average value,
respectively. The demeaned variable sis defined as y 4 =(y- ?). Therefore,
the original model, y=a+[3? +?, can be expressed as the demeaned model,
Y4 = a4 H34C gte where aq represents the level of technical inefficiency of
an average farm (i.e.,(X= x® x4=0)
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Table 6. The demeaned GP estimation with the dependent variable

[exp(u)/e]
Variable |Estimate [ Standard | t-value Prob | Standardized | Cor with
Error >/t/ Estimate Dep var
Constant | 0479641 |0.015770 | 31.500372 | 0.000
school -0.007399 |[0.005278 |-1.401692 | 0.162 |-0.101725 -0.082337
exper -0.001950 |0.001512 | -1.290081 | 0.198 | -0.133809 0.012833
age 0.002641 |0.001714 | 1540997 [0.125 | 0.158044 0.082532
mngtexp | 0.055550 |0.026948 | 2061385 | 0.040 | 0.139617 0.122895
Obs. 221; | R-squared: | 0.037, F (4,216): | 2.066; | Probability of | F: 0.086

Table 7. The demeaned GP estimation with the dependent variable

[We]
Vaiable |Estimate |Standard|t-value |[Prob | Standardized | Cor with
Error >/t/ Estimate |Depvar
Constant -0.85 0.04 -21.62 | 0.000
School -0.02 0.01 -1.30 0.195 -0.09 -0.07
Exper -0.01 0.003 -1.37 0.172 -0.14 0.02
Age 0.01 0.004 179 0.074 0.18 0.10
Mngtexp 0.17 0.07 254 0.012 0.17 0.16
Obs; 221; | R-squared: | 0.049; F(4,216): | 2.759; | Probability of | F: 0.029

3.2.2 LP estimations. The LP method allows to test the hypothesis
that farms close to each other on the output space operate under
smilar condgraints and technology parameters. This method is
applied using two different models, one with the dependent variable
E(exp(u)/ €) and another with E(u)/ € ), each of which is estimated
across three different window sizes (50,75, and 100 observations)
(see Tables 8 and 9). Next, the same LP estimations are performed
using the demeaned data (see Tables 10 and 11).The key advantage
of the LP method over the GP method is that the different window
sze become instrumental in eiminating the influence of outliers on
the production frontier.

Egtimations based on the origina data are given in Tables 8 and 9.
They show that the model with a windows size of 100 observations
performs the best- compared to the other two models estimated with
window sizes of 50 and 75 observations. With an Fdatistic of 2.96
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(342) in Table 8 ( Table 9), it is Satidticaly significant at the 0.02
(0.01) level and explans 5 (6) percent of the variation in
inefficiency. The term (0.506 + 0.007 (age) in Table 8 and (-0.930 +
0.013 (age) ) in Table 9 both measure the level of inefficiency of a
famer with no schooling, no farming, and no management
experience. In both models, farming experience decreases, while age
and management experience increase inefficiency. Except for
schooling, al other variables are significant at the 0.05 leve.

Table 8. The LP estimations with the dependent variable [exp(u) /€]

Variable |Estimate [Standard|t-value |Prob | Standardized | Cor with
Error >/t/ Estimate | Dep var
(Window size = 50)
Constant 493 233 212 0.03
school -0.15. 0.12 -1.27. 0.21 -0.09. -0.05.
exper -0.03 0.04 -0.76 0.45 -0.08 -0.07
Age -0.01 0.039 -0.23. 0.82 -0.02. -0.06
mngtexp 0.26. 0.61. 043 0.67 0.03 0.02.
Obs. 221; | R-squared: | 0.012; F(4,216): |0.67; | Probability of | F. 0.617
(Window size=75)
Constant 115 0.52 2.20 0.03
school -0.01 0.03 -0.25 0.81 -0.02 0.00
exper 0.00 0.01 0.02 0.98 0.00 -0.02
Age -0.00 0.01 -0.34 0.73 -0.04 -0.03
mngtexp 0.14 014 1.00 0.32 0.07 0.07
Obs: 220; | R-squared: | 0.006; F(4,215): |10.31; | Probability of | F. 0.871
(Window size = 100)
Constant 051 0.20 2.53 0.01
school 0.00 0.01 027 0.79 0.02 0.05
exper -0.01 0.003 -2.21 0.03 -0.23 -0.06
Age 0.007889 0.003 2.35 0.020 0.24 0.05
mngtexp 012 0.05 | 2269372 | 0.024 0.15 018
Obs: 221; | R-squared: | 0.052; F(4,216): | 2.969; | Probability of | F: 0.020
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Table 9. The LP estimations with the dependent variable [u/€]
Variable | Estimate | Standard |t-value |Prob | Standardized | Cor with
Error >/t/ Estimate | Dep var
(Window size = 50)
Constant -0.08 0.63 -0.13 0.90
School -0.01 0.03 -0.37 0.71 -0.03 0.02
Exper -0.01 0.01 -0.82 042 -0.09 -0.08
Age -0.00 0.01 -0.01 0.99 -0.00 -0.06
Mngtexp 0.23 0.16 141 0.16 0.10 0.10
Obs: 221; | R-squared: | 0.02; F(4,216): | 0.88; | Probability of | F: 0.479
(Window size=75)
Constant -0.58 044 -1.32 0.19
School -0.01 0.02 -0.46 0.64 -0.03 -0.00
Exper -0.004 0.01 -0.65 0519 -0.07 -0.01
Age 0.01 0.007390 0.70 0482 0.07 0.02
Mngtexp 0.31 0.12 2.66 0.008 0.18 0.18
Obs: 220; | R-squared: | 0.034; F(4,215): | 1.911; | Probability of | F: 0.110
(Window size = 100)
Constant -0.93 0.34 -2.70 0.01
School -0.00 0.02 -0.23 0.82 -0.02 0.01
Exper -0.01 0.01 -1.92 0.06 -0.20 -0.02
Age 0.01 0.01 2.38 0.02 0.24 0.09
Mngtexp 0.25 0.09 2.80 0.01 0.19 0.18
Obs: 221; | R-squared: | 0.062; F(4,216): | 3.42; | Probability of | F: 0.010

Estimations based on the demeaned data are given in Tables 10 and
11. They show that the modd with a window size of 100
observations performs the best. With an F&atistic of 2.96 (3.42) in
Table 10 (Table 11), this modd is datisticaly significant at the 0.02
(0.01) level and explains 5 (6) percent of the variation in inefficiency
that is attributed to an average farm. Farming experience decreases,
while age and management experience increases inefficiency. Except
for schooling, dl other variables are significant at the 0.05 level.
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Table 10. The demeaned L P estimations with the dependent variable

exp(u) /€]
Vaiable |Estimate [ Standard|t-value |Prob | Standardized | Cor with
Error >/t/ Estimate | Dep var
(Window size = 50)
Constant 208 0.36 5.74 0.000
school -0.15 0.12 -1.27 | 0.205 -0.09 -0.05
exper -0.03 0.03 -0.76 | 0448 -0.08 -0.07
Age -0.01 0.04 -023 | 0817 -0.02 -0.06
mngtexp 0.26 0.61 043 0.668 0.03 0.02
Obs. 221; | R-squared: | 0.012; F(4,216): |0.665; | Probability of | F: 0.617
(Window size = 75)
Constant 0.96 0.08 1212 0.00
school -0.01 0.03 -0.25 0.81 -0.02 0.004
exper 0.00. 0.01 0.02 0.98 0.002 -0.02
Age -0.00 0.01 -0.34 0.73 -0.04 -0.03
mngtexp 0.14 0.14 1.00 0.32 0.07 0.07
Obs: 220; | R-squared: | 0.006; F(4,215): |0.310; | Probability of | F: 0.871
(Window size = 100)
Constant 0.82 0.03 26.73 0.00
school 0.002 0.01 0.27 0.79 0.02 0.05
exper -0.01 0.002 -2.22 0.03 -0.23 -0.06
Age 0.01 0.003 2.35 0.02 0.24 0.05
mngtexp 0.12 0.05 2.27 0.02 0.15 0.16
Obs: 221; | R-squared: | 0.052; F(4,216): | 2.969; | Probability of | F: 0.020

Table 11. The demeaned LP estimations with the dependent variable

[ue]
Variable |Egtimate [Standard|t-value |Prob | Standardized | Cor with
Error >/t/ Estimate |Depvar

(Window size = 50)

Constant -0.34 0.10 -3.50 0.00

School -0.12 0.03 -0.37 0.71 -0.03 0.01

Exper -0.01 0.01 -0.81 042 -0.09 -0.08

Age -0.00 0.01 -0.01 0.99 -0.00 -0.06

mngtexp 0.23 0.17 141 0.16 0.10 0.10

Obs. 221; | R-squared: | 0.016; F(4,216): |0.88; | Probability of | F: 0.479
(Window size = 75)

Constant | -044 | 007 | -650 | 0000 | | -
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School -0.01 0.02 -046 | 0.643 -0.03 -0.00
Exper -0.00 0.01 -065 | 0518 -0.08 -0.01
Age 0.01 0.01 0.70 0.482 0.071 0.02
mngtexp 031 012 2.66 0.01 0.184 0.18

Obs: 220; | R-squared: | 0.034; | F(4,215): | 1.911; | Probability of | F: 0.110

(Window size = 100)

Constant | -043 0.06 809 | 0.000
school -0.004 0.02 023 | 0818 -0.02 0.01
Exper -0.01 0002 | -19 | 0057 -0.20 -0.02
Age 0.01 0.01 233 | 0018 0.24 0.09
mngtexp 0.25 0.10 280 | 0.006 0.19 0.8

Obs. 221; | R-squared: | 0.060; F(4,216): | 3.422; | Probability of | F: 0.010

Conclusion 2 The LP peforms better than the GP method in
accounting for variation in technical inefficiency °

Conclusion 3 Common to dl the estimations is the postive
relationship  between increased management experience and the
inefficiency. This suggests that the old Soviet style farm
management is obsdete in the current private farming environment.

3.2.3 A comparison. The GP and LP frontier production function
estimations are compared conditional, on capital and land use. Figure
1 (a) shows the frontier estimations conditional on low capital use
and small farm size (measured in terms of harvested land). The GP
method projects a positively doped, linear production frontier, which
lies above dl the projections by the LP method. The LP projections
well behave in the sense that they fit into the net revenue
maximizing-agents framework. The LP projection with a window
size of 100 observations performs the best compared to the
projections associated with window sizes of 50 and 75 observations.
The optimal labor use is roughly 3.8 and the optima output is closeto

® One should simply compare the LP estimations with window size 100 in
Table 8 with the GP estimations in Table 4, considering R, probability of
H-test, and the number of significant variables. Similar comparisons should
be made between Table 9 and Table 5, between Table 10 and Table 6, and
between Table 11 and Table 7
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9. Figure 1 (b) shoes the frontier estimations conditional on high
capital use and small farm size. The optimal labor use increases a
little over 5 and the optima output a little over 9. Figure 1 (c) shows
the frontier estimations conditional on low capital use and large farm
size. Both farm output and labor use decrease compared to the
corresponding levels in Figure 1 (a), suggesting that smal farms
using low capital are more productive than large farms using low
capital. This suggests that small private farms that emerged after the
land reform have been more productive than large farms. Figure 1 (d)
shoes the frontier estimations conditiona on high capital use and
large farm size. The optimal labor use is 4.4, and the optima output a
little lower than 9. Comparing this to Figure 1 (b) indicates that small
farms with high capital employ more labor and produce more output.

Conclusion 4 The key implications of these findings is that
agricultural policies should target small farms access to capita &
these farms seem to more productive than large ones. This further
suggests that bresking up large farms into smaller parcels is a viable
option for increasing the aggregate maize production. Interestingly,
al of these findings are discovered only when we deepen the
anaysis by applying the L P method.

The GP and LP estimations are further compared with respect to the
empirical digtributions of the estimated coefficients. For each
observation (X, y) in the sample, an LP regression is estimated using
n observations around ( X,y). This procedure produces 221 sets of
coefficients. Each set includes 6 elements. an intercept term, a
coefficient for capita, a coefficient for labor, a coefficient for land, a

coefficient for s? and a coefficent for s 2. The empirica

distribution for the intercept term in Figure 2 (&), for example, is
nothing more than the histogram of 221 locally estimated intercepts.
The vertica line at 8.52 represents the intercept term of the GP
esimation in Table 1. Other three distributions around it represent
the empirical distributions of the intercept terms of the three LP
moddls, each of which is associated with window sizes of 50,75, and
100 observations. Smilarly, the verticd line a 0.08 in Figure 2 (b)
represents the coefficient of capital in the FP estimation in Table 1.
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Other three distributions around it represent the distributions of the
LP coefficients of capital, each of which corresponds to window size
50.75 and 100 observations. Figures 2 (c) and 2 (d) are for labor and
land, respectively. The distributions in figures 2 (&) through 2 (d)
look very much like norma distributions. Therefore, from law of
large numbers, we can expect that the LP limiting intercept term
would be lower than the GP intercept term in Figure 2(a); that the
LP limiting coefficient for capitad would be very close to the GP
coefficient for capital in Figure 2 (b); and that the LP limiting
coefficient for labor would be a little higher than the GP coefficient
for labor in Figure 2 (c). For land, however, most locd estimations
fal on the left of the vertical line a —0.14 (Figure 2 (d)), suggesting
that the LP limiting coefficient for land is more likely to be even
lower than —0.14.

Conclusion 5 The GP method overestimates margina effects of
production inputs due most likely to extreme values in the sample.

Findly, the GP and LP estimations are compared with respect to the
empirical distributions of the standard deviations of the stochastic
error term, s,, and of technicd inefficiency term, s,. Figure 2 (€)
shows that amogt al of the LP distributions of s, fal on the right
hand side of the verticd line representing the GP s,= 0.11, implying
that the GP underestimates the production effects of uncontrollable
factors. Figure 2 (f) indicates that amogt al of the LP distributions
of s, fal on the left hand side of the verticd line a the GP , s, =
1.05, implying that the GP overestimates the production effects of
controllable factors.

Conclusion 6 The GP and LP estimations of the inefficiency suggest
different policy directions as to the future of maize farming. The GP
estimations, reveding non-disciriminant overestimation of the
inefficiency, prejudice broad-based farm reforms. On the contrary,

the LP egtimations, pointing out relatively large farms as the key
source of the inefficiency, favor the design of specific policies for the
effective operation of large farms.
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4. Discussion

With the demise of the former Soviet Union (SU), Georgia
launched structural adjustment policies in 1992. Large-scale state
enterprises were privatised, state-owned large farms-kolhozes-broken
down, new regulations and laws designed, and exchange and
monetary system reform. Land reform has been at the center of
development issues, as it entails implications for rural development,

agricultural  production, and poverty. Land was distributed to
individuds, with a radica, once-for-all, reform, and a present,
gmndl-scale farms congtitute a large mgjority (Csaki and Lerman,
1997, Lerman, 1999, IFAD, 1998) . Some of the old managers of
kolhozes and paliticaly influentid people received large parcels and
kept farm equipment under their control. These large farms were at
the same time a an advantageous position since the existing
agricultural infrastructure was ill favoring them, with centralized
water sources. For private farming to develop, there was a need to
establish an enabling environment in which private farmers could
fedl secure about the land they occupy, sdll their produce, buy inputs,
and involve cross-border trade.

Although private farming in Georgia is gill a an early stage of
developmert, it is important for policy makers to know how the
newly created private farms have performed so far and to pinpoint
the areas that need to be addressed. One thing which is obvious is
that private farm operators need actual farming and management
experience compatible to the newly emerging markets, as they have
not had the chance to run a private entity until independence.
Another thing is that these operators, who are farming on small
parcels of land, are first unable, second unwilling to initiate any new
farming activity, as they lack financial resources and management
skills compatible to the new farming system. Therefore, the
government holds most responsibility to create an enabling
environment, one with an adequate infrastructure including market
ingtitutions and regulatory bodies. To this end, an analyss of farm
efficiency should consider both externa (uncontrollable) and
internal (controllable) factors. Unfortunately, however, databases
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currently available do not alow us to analyze thoroughly specific
agricultural policies and their impacts on farm efficiency.

In this study we attempted to estimate the maize production
function and technica inefficiency attached to it. The estimations
underline the following key policy issues. Fird, politica networking
played a sdient role in the initid digtribution of farm land, and
hence a dignificant number of managers of the old state farms
received fam land mostly large and controlled the use of farm
equipment. But they lacked labor and operative farm machinery.

Smdl farm operators, on the other hand, were mainly lacking
farming experience since most of them used to hold non-farm jobs
before independence. Second, as implied by the LP estimations, the
inefficiency mostly stems from the factors under farmers’control,
and hence any government policy and/or service, such as agricultura
extenson and training program, that enhances farmers allocative
ability should positively contribute to the production and increase the
farm efficiency. Equaly important is experience in farming for own
account, which most private farmers severely lack. Third, economy-
view, this suggests that farms with different size should not be
treated differently regarding the design and implementation of
production-enhancing agricultural policies. Findly, management
experience is found to increase technica inefficiency. This can partly
be attributed to the fact that managers of old collective farms and
dderly people without actua farming experience were digible to
receive land from the government but not able to use it for
productive purposes. As a result, inefficiency was high among these

people.
5.Concluding Remarks

This study sought to compare the GP and LP frontier production
function egimations, identify the key determinants of technica
inefficiency, and estimated the gains from the application of the LP
method. Empirical analysis was carried out using the data obtained
from afarm house hold survey conducted in 1997 (IFAD, 1998).
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Overdl, the results imply that the maize production can be further
increased by bresking up the large farms into smaller parcels,
provided that small farmersaccess to credit is improved and that
after-reform farming infrastructure meets the needs of small farms,
such as the construction of a decentralized water distribution system.

Future research should grow in two directions. On the
methodological account, there is the need for developing better-
performing estimation techniques. A fully non-parametric estimation
method, which has receiving a wide attention in the literature, might
be one dternative especialy in Stuations where few outliers
determine the production frontier. On the empirical account, lack of
primary data seems to be a key condraint in analysing the
devedopments in private farming. Therefore, efforts should focus on
the construction of databases necessary to evaluate impacts of
reforms on farm technical inefficiency in Georgia.
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