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Efficiency in Damage Control Inputs: A Stochastic Production 

Frontier Approach 
 

 

Abstract 

The present paper extents the existing literature providing a theoretically consistent 
framework for measuring input-specific technical efficiency in damage control inputs 
(i.e., pesticides) within a stochastic production frontier model. The theoretical 
framework for modeling damage control agents is based on Fox and Weersink (1995) 
model specification that allows for increasing returns on damage control inputs.  The 
empirical model is applied on a cross-section data set of 844 crop farms in Greece 
during the 2003 period obtained from FADN database. The results suggest that crop 
farms in Greece are using rather inefficiently pesticides in their fields as their 
average technical efficiency level was 73.9%.  On the other hand, technical efficiency 
in conventional factors of production was found to be lower on the average, 70.8%.   
Finally, our results indicate that farms that are technical efficient in the use of 
conventional inputs are also technical efficient in the use of damage control agents.   
 

Key words: output damage function, pesticide-specific technical efficiency, crop 
farms, Greece. 

 

 

 

Introduction 

Many of the innovations introduced in the farming sector over the past decades have 

involved the introduction of a special class of factors of production, the damage 

control inputs.  Profound examples of this kind of inputs in the farming sector include 

pesticides, weedicides, windbreaks, sprinklers for frost protection, immunization and 

antibiotics in feedlots, resistant crop varieties, natural predators etc (Wossink and 

Rossing).1  Unlike conventional factors of production (i.e., land, labor, capital) these 

special class of inputs do not increase farm’s potential output directly.2  Instead their 

distinctive feature lies in their ability to increase the share of potential output that 

farmers realize by reducing the negative effect of the damage agents caused either 

from natural or human causes.  In this line, a considerable amount of empirical work 

has been devoted in recent years on the quantitative analysis of the distinct role of 

conventional and damage control inputs on farm production.   

In particular, chemical inputs such as pesticides has received much attention in 

the agricultural economics literature. This is because pesticide use generate 
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considerable externalities associated with ground and surface water pollution, unsafe 

working conditions for farm laborers, and short- and long-term effects on human 

health.  In addition, from a production point of view, pesticide use creates also an 

externality in the form of increasing pest resistance over time.3 Given these potential 

harmful side effects of pesticides there is an urgent need to determine accurately 

economic levels of use and to document incentives that could induce farmers to limit 

their use.  The first who have dealt explicitly with the appropriate specification of 

pesticides in farm production models and the subsequent measurement of their 

marginal productivities were Headley and Campbell.  Using a simple methodological 

approach treating both conventional and chemical inputs symmetrically, they 

concluded that pesticides have been under applied in a sense that their marginal 

product exceeded by far marginal factor cost. This was surprising finding since 

anecdotal empirical evidence and agronomic research indicated that pesticide 

application was rather excessively used particularly in developed country agriculture. 

Parallel with this early econometric work on pesticide productivity, Hall and 

Norgaard, Talpaz and Borosh and Regev, Shalit and Gutierez using detailed 

entomological information developed a more comprehensive bio-economic model of 

pesticide use. 

Drawing inspiration from these bio-economic models as well as on early 

analysis of self-insurance through expenditure in loss-reducing agents initiated by 

Ehrilch and Becker4, Lichtenberg and Zilberman (henceforth LZ) several years later 

argued that the marginal productivities produced by Headley and Campbell model 

specification, were biased as they did not account for the indirect role of pesticides in 

the production process.  Unlike with this early approaches, LZ posited that 

conventional and damage control inputs should be not treated symmetrically.  They 

suggested that the contribution of pesticides to farm production may be better realized 

by conceiving realized output as a combination of two components:  first, the 

maximum quantity of farm produce that it is attainable from any chosen conventional 

input combination and, second the losses in farm production due to the action of 

damaging agents that are present in the environment like pests, insects, weeds, 

bacteria etc.  In addressing this issue, they introduced into the traditional production 

function model an output abatement function capturing the abatement effort by 

damage control agents (i.e., pesticides).  Subsequently, they measured marginal 

productivity of damage control inputs according to their ability to reduce crop damage 
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due to pest infestation and not to increase directly farm output.5  Even since, their 

approach has been successfully applied by several authors including Babcock, 

Lichtenberg and Zilberman, Pannell, Carasco-Tauber and Moffitt, Lin et al., 

Chambers and Lichtenberg and, Shankar and Thirtle.6   

However, besides the important contribution made by LZ in measuring pesticide 

productivity the usefulness of their output abatement function has been questioned 

later on by Fox and Weersink (henceforth FW).  Specifically, FW pointed out that the 

output abatement function suggested by LZ under any arbitrary functional 

specification, impose a priori a structure on the underlying biological and physical 

data that ensures eventually decreasing returns for damage control inputs.  Cowan and 

Gunby in analyzing the rate of adoption for pesticides against integrated pest 

management strategies at the farm level, concluded that pesticide use is subject to 

increasing returns mainly due to the significant R&D expenditures by chemical 

industries and the learning effects in their application by individual farmers.  Under 

increasing returns the response of damage control input use to variations in prices and 

thus profits is not continuous as it was initially assumed by LZ.  If increasing returns 

are allowed, a profit-maximizing farm, at the ceiling will choose either to apply 

damage control inputs or not as long as it obtains higher profits.  This is important 

from a policy point of view as a specific policy aimed to reduce pesticide use for 

environmental conservation by imposing a tax may have substantially different effects 

on the levels of use of different products.  Underwood and Caputo, using a dynamic 

farm model found that the effects of farm programs (i.e., land set aside, decoupled 

payments) and pesticide taxes depend crucial on the returns to scale of the output 

abatement function as well as on the local stability of the steady state.  Departing 

slightly from the traditional LZ model and maintaining weak concavity of the output 

abatement function, FW suggested an alternative specification of the farm production 

model that allows for increasing returns in damage control inputs.  

On the other hand, Carpentier and Weaver questioned LZ model specification on 

two grounds related to the maintained hypotheses concerning the structure of the 

underlying production technology:  first, LZ asymmetric specification presumes 

homothetic separability of the input vector with respect to productive and damage 

control and, second, damage control inputs constitute a sub-function which is different 

than or asymmetric with respect to that of productive inputs.7 In addressing these 

problems, they treated both kinds of inputs symmetrically introducing an input 
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abatement function into the farm production model.  The essence behind their model 

hinges on the assumption that damage agents affect the marginal productivity of every 

conventional inputs separately at the same proportion.8  Their model however, is 

highly non-linear in it’s parameters making thus it’s econometric estimation 

troublesome.9  Although they did not do so, their model can be easily extended into 

FW theoretical framework allowing for increasing returns in input abatement 

function.   

At the same year, Saha, Shumway and Havenner, building on LZ output 

abatement specification they allow for interaction between conventional and damage 

control inputs.  The intuition behind is that the interaction can have considerable 

influence on the productivity of damage control agents. For instance, the effectiveness 

of certain pesticides may be significantly affected not only by their level of use but 

also by moisture levels or fertilizer application in soil during and after application.10  

Using a panel data set of Kansas wheat farms and simple separability pretests they 

identified inputs that clearly do not interact within the abatement function, leading to 

an exhaustive division of inputs into direct production only, abatement only and a 

subset common to both the production and abatement functions. They concluded that 

model misspecification may led to serious overestimation of marginal physical 

productivities of both the damage control and interactive inputs. Finally, Zhengfei et 

al., extended Saha, Shumway and Havenner model allowing for negative marginal 

productivities in damage control inputs proposing a quadratic specification of the non-

separable output abatement specification.  

It is evident from the above, that the research effort during the last two decades 

was mainly focused on the appropriate specification of the farm production model so 

that accurate estimates of the damage control inputs to be obtained.  Although this 

controversory seems to have been resolved and many variants of the original LZ 

model formulation exist, there is still an important question that arises.  The 

estimation of the marginal productivities for this specific class of inputs is important 

for several reasons like environmental degradation or health issues.  Nevertheless an 

equally important issue from a policy point of view, is the efficiency levels in the use 

of damage control inputs and particularly for pesticides that have significant negative 

externalities.  If, for instance, farmers are indeed faced with increasing returns in 

pesticide use then imposing a tax aimed to reduce their application will certainly 

affect farm’s total profit and therefore household income.  Alternatively, if their use in 
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farm production is not efficient, policy measures directed to improve farmers know-

how may well reduce chemical use and therefore it’s adverse effects on farmer’s 

health and natural environment, increasing at the same time farm income.   

Although in the efficiency literature there is plenty of empirical evidence on the 

measurement of technical inefficiency levels of conventional factors of production, 

there is only one focusing in the efficient use of damage control inputs.  Oude Lansink 

and Silva, estimated pesticide specific technical inefficiency measures for a sample of 

Dutch arable farms during the 1989-92 period using a DEA approach.  Specifically, 

they proceeded to the estimation of two variants of input-specific technical efficiency 

indices; based on the traditionally Farrell’s radial indices and using a variation of 

Russell’s non-radial indices.  However, their approach has two important 

shortcomings: first, both indices of pesticide specific technical inefficiency do not 

account for the abatement effort of pesticide use treating them symmetrically into the 

estimated production technology and, second, they utilize a non-parametric technique 

assigning all variation in output to technical inefficiency which is questionable for 

modeling damage agents that are more vulnerable to exogenous shocks (i.e., 

environmental and physical conditions).11  

The main objective of this paper is to provide a theoretical consistent way for 

modelling and econometrically estimating technical efficiency in the use of pesticides.  

Based on FW theoretical foundations and extending Saha, Shumway and Havenner 

model specification, a stochastic production frontier model is introduced, that 

accounts for the existence of technical inefficiency in the use of both conventional and 

damage control factors of production.  Our model can be easily extended into 

Carpentier and Weaver input-abatement specification of the production function, 

requiring however additional work on the econometric estimation.12 The empirical 

model is based on a Cobb-Douglas specification for the production frontier and it is 

applied to a cross-section data set of 844 crop farms in Greece observed in 2003 

obtained from FADN database.  

The rest of this paper is organised as follows: the theoretical model using based 

on FW theoretical foundations is presented in section 2. The empirical model and the 

estimation procedure is discussed in section 3. The data employed in the empirical 

model are described in section 4 and the empirical results are analysed in section 5. 

Concluding remarks follow in the last section. 
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Theoretical Framework 

Let assume that farm i is utilizes a vector of conventional inputs (i.e., land, labor, 

capital) ( 1 2i i Ji )x x x=ix , , ...,   to produce a single output iy  through a technology 

described by a well-behaved production function ( );f ix β , where β is the vector of 

the associated parameters.  Since farms may not necessarily be technical efficient 

( );iy f≤ ix β  or equivalently: 

 

        (1) ( ); i iv u
iy f e −= ix β

 

where  is an output-oriented measure of farm-specific technical inefficiency and, viu i 

is a usual random noise representing those factors that cannot be controlled by 

farmers, measurement errors in the dependent variable, and omitted explanatory 

variables.  Apart of conventional inputs let also assume that farms are also utilizing a 

damage control inputs (i.e., pesticides) zi to prevent destruction in their potential 

output caused by damage agents (i.e., pests).   

According to FW model specification, the effect of these damage control inputs 

on farm produce consists of two-stages: the first stage includes the effect of damage 

control input on the damage agent density and the second involves the subsequent 

effect of the remaining damage agent on farm output.  Under this assumption, farm’s i 

realized production is obtained from: 

 

( ) ( ){ }1 i iv u
i iy f ; β h B ;λ e −⎡ ⎤= −⎣ ⎦ix     (2) 

 

where  is the output-damage function that depends on the observed level of 

damage agent in farm i and, λ is the associated parameter.  It represents the proportion 

of output lost at damage agent density B

( )h ⋅

Bi.   is the actual level of production for a 

given level of damage agent B, the technological constraints and efficiency in 

conventional factors use.  Damage function is assumed to possesses the properties of a 

cumulative distribution function and it is concave.   In case that the damage agent is 

absent 

13
iy

14

( )0iB =  then  and actual output equals with that obtained from ( ) 0h ⋅ =

relation (1) .  On the other hand, when the level of damage agent population ( )i iy y→
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tend to infin )∞ , the farm output approaches a minimum level (ity iB →( )min
i iy y→  

which is consis  the maximum destructive capacity of dama

However,  this level cannot be less than zero.  

The damage agent incidence (Bi

tent with ge agents. 

B s on it’s initial population and on the 

abate

       (3) 

 

here  is the initial damage agent incidence in farm i, γ is the vector of the 

), depend

ment effort of damage control input use. Equivalently, the output-damage 

control function can be formalized as: 

 

( )1i i iB B g z ;γ⎡ ⎤= −⎣ ⎦ 

w iB

associated parameters and, ( )g ⋅  is the control function which depends on the level of 

control inputs use zi.  Like the damage function, the control function it is also 

constrained by the ( )0 1,  interval.  If ( ) 0g ⋅ = , the control agent has no effect on 

damage agent incide and the level o e agent affecting farm production is 

equal with it’s initial population 

nce f damag

( )i iB B= .  Contrary, when ( ) 1g ⋅ =  there is a 

complete eradication of the damage agen  and farm production equals with that 

attained by relation (1).  The proportion of damage agent remaining after treatment it 

is assumed to decrease monotonically, that is the control function is also assumed to 

be concave.   

Accordin

t

g to FW the curvature of the damage function relative to that of the 

control function is important in establishing increasing returns.  Specifically they 

proved that increasing returns may occur whenever the following inequality holds:  

 

 ( )
( )

( )
( )

( )2 2 2 2
i i

i
i i i

gg z h B
B

g z h B z
∂ ⋅∂ ⋅ ∂ ∂ ⋅ ∂

<
∂ ⋅ ∂ ∂ ⋅ ∂ ∂

   (4) 

 

he ratio on the left-hand side of the above relation is analogous to the Arrow-

Pratt 

T

coefficient of absolute risk aversion and measures the relative degree of 

curvature of the control and damage functions.  Thus, using their own words “the less 

curved the control function, relative to the damage function the more likely are 

increasing returns for given values associated with the marginal effectiveness of the 

 - 7 -



control input and untreated damage agent density” (p.36).  However, Hennessy based 

on the theoretical foundations of composite functions developed by Cargo and 

Diamond and Stiglitz proved that increasing returns to scale does occur if the damage 

function is more concave in damage control input in the derivative normalized sense 

than is the inverse control function at any level of pest infestation.   

So far it is assumed that damage control inputs are utilized perfectly efficiently 

in th

      (5) 

 

here  represents the effective amount of damage control input use in farm 

e production process although the opposite holds for their conventional 

counterparts.  However, it is logical to assume that if farmers fail to utilize efficiently 

land or capital in their production, they will do so for any other factor of production 

like pesticides for instance.  Farmer’s human capital (e.g., level of education, hands-

on experience, training) are the key determinants influencing individual technical 

efficiency levels. Therefore, farmers with low human capital may well fail also to 

apply efficiently damage control inputs in farm production.  Hence, the abated 

damage agent population could be less than it’s maximum abated level due to 

improper use of damage control input.  Using relation (3) we can formalize this as 

follows: 

 

( )1i i i iB B g θ z ;γ⎡ ⎤= −⎣ ⎦ 

w i iθ z

production, through it’s impact on the abated damage agent population.  The 

parameter  iθ  is constrained by the ( ]0 1,  interval.  If damage control inputs are 

utilized effic ntly in farm production th 1ie en iθ = .  Otherwise it should be 1θ < .i
15  

In order to make the above specifica operational we should fir sumetion st as  a 

speci

 

fic functional form for both the damage and control function. A common 

specification16 used in the relevant literature is the exponential form suggested by LZ 

and empirically applied by Carasco-Tauber and Moffit, Oude Lansink and Carpentier 

and Shankar and Thirtle among others. Specifically both functions have the following 

form: 

 

( ) 1 iλB
ih B ;λ e−= −       (6a) 

and 
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( ) ( )1 i iγ θ z
ig z ;γ e−= −        (6b) 

y plugging relation (6b) into (3) we obtain the actual damage agent incident in 

farm 

    (7) 

 

ubstituting relation (7) into (6a) we obtain the damage control function 

accou

  

 

B

production as: 

 

( )( ) ( )1 1 i i i iγ θ z γ θ z
i i i iB B e B B e− −⎡ ⎤= − − ⇒ =⎢ ⎥⎣ ⎦

 

S

nting for the existence of technical inefficiency in damage control input use as: 

 

( )
( )

1
γ θ zi i

iλB e
ih B ; λ e

−
−= −      (8) 

hen plugging (8) into (2) we get 

  

 

T

 

( )
( ){ }zi i

i iB e v u
iy f ; e e

−
i− −= ⎡ ⎤⎣ ⎦ix

γ θλβ     (9a) 

nd by taking the natural logarithms 

 

 

a

 

( ) ( )i iz
i iln y f ln ; e v u−= − +ix γ θβ α i−     (9b) 

here 

 

.  If we assume that ( )f ⋅iB=α λw  is approximated by the traditional Cobb-

 

Douglas functional form, then relation (9b) becomes: 

 

( )
0

i iz
i j ji

j
ln y ln x e v u−= + − + −∑ γ θβ β α i i    (10) 

 

elation (10) above represents an output-damage abatement production frontier that R

accounts for technical inefficiency in both conventional and damage control inputs.  

The former has an output orientation and refers to the maximum increase of farm 

produce given conventional input use, technological constraints and damage 
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abatement level. The latter, has an input-orientation and it is interpreted as the 

maximum decrease in control input use so that the level of damage agent incidence 

remains constant.   

 

Estimation Procedure 

 model we need first to assume a specific distribution for the For the estimation of the

error terms appearing in (9), i.e.,  

 
2~ (0, )i vv N σ , 2~ (0, )i uu N+ σ , exp( )i i≡ −θ ξ , )2~ (0,i N+ ξξ σ  (11) 

 

ith all random variables being uncorrelated as well as independent of xi and zi.  Let w

( )i iexp u= −τ  be technical efficiency in the use of conventional inputs, and 

, , ⎤v u, , ,′ ′⎡= ⎣ ⎦ω ξβ α γ

implies it is useful to consider a linear approx

σ σ σ  the vector of parameters. To appreciate what the model 

imation of ( )i iexp zγ θ′−  around the 

point 0iξ = , i.e. no technical inefficiency in pesticide use,  to obtain 

exp( ) ( ; )i i i i i iy z H z v uβ α γ γ ξ′ +ix ′= − + + − , where ( ; ) ( ) exp( )i i iH z z zγ α γ γ′ ′= ⋅ ⋅ − . 

ontier with inputs x and z, and two one-

sided disturbances one of which (the 

Therefore, we have a two-tier stochastic fr

ξ ) is heteroscedastic and positive, and the other 

(the iu ) is homoscedastic and negative.  The realized farm output iy  has distribution 

given by: 

 

( ) ( ) ( )
( ) ( ){ } ( ) ( )

1 2 1 2 1 22 2 2
2 2

2 22
1 1 1 1

2 2 20 0

2

2 2 2

/ / /

i i i v u

i i i i i ii
i i i i

v u

f (ln y | ln x ,z , )

ln y ln x ; exp z ln lnln
exp d d

π π
ξ

ξ

ω πσ σ σ

β α γ θ τ θτ
τ θ τ θ

σ σ σ

− − −

− −

= ⋅

⎡ ⎤− + − −⎢ ⎥− − −⎢ ⎥
⎢ ⎥⎣ ⎦

∫ ∫
 (12) 

 

The density can be expressed in terms of  instead of iu iτ , and the result would 

be: 
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( ) ( ) ( ) ( )
( ) ( ){ } ( )

1 2 1 2 1 22 2 2
2 2

2 2
21 1 1

2 2 20 0

2

2 2 2

/ / /

i i i v u

i i i i i ii
i i

v u

f ln y ln x ,z ,

ln y ln x ; exp z u lnuexp du d

π π
ξ

ξ

ω πσ σ σ

β α γθ θ
iθ θ

σ σ σ

− − −

−

=

⎡ ⎤− + − +⎢ ⎥− −⎢ ⎥
⎢ ⎥⎣ ⎦

∫ ∫ −
   (13) 

 

from which one can get: 

 

( ) ( ) ( ) ( )

( ) ( )

1 2 1 2 1 22 2 2
2 2

2
1 21 22 1

2 2
0

2

2 2
2 2

/ / /

i i i v u

/ ii i
i i

f ln y ln x ,z ,

lnR Rexp d

− − −

− −

=

⎛ ⎞
⎛ ⎞⎜ ⎟− − Φ −⎜ ⎟⎜ ⎟ ⎝ ⎠⎜ ⎟

⎝ ⎠
∫

π π
ξ

ξ

ω πσ σ σ

θ ηπσ θ
σ σ σ

θ

v u= +

 (14) 

 

where 2 2 2σ σ σ , u v=η σ σ , ( ) ( )i i i iR ln y ln x ; exp z= − + −β α γθ i , and Φ denotes 

the standard normal distribution function. Notice that Ri depends on iθ , and the 

integral above is not available in closed form. Thus, we use Gaussian quadrature to 

approximate the log-likelihood function. We use Gaussian quadrature to approximate 

the integral and thus the log-likelihood function can be expressed as  

 

( ) (
1

N

i i i i i i
i

L ;ln y ,ln x ,z f ln y | ln x ,z , )ω ω
=

=∑    (15) 

 

Maximum likelihood estimates can be obtained by maximizing this function using 

numerical techniques. 17  To obtain estimates of farm-specific technical efficiency, we 

extend the classical predictor suggested by Jondrow et al., using as efficiency 

estimates the quantities ( )i i i iE | ln y ,ln x ,zτ  and ( )i i iE | ln y ,ln x ,zθ i .  From relation 

(14) it is clear that: 

 

( ) ( )2
2

1
2 22 2

ii i
i i i

lnR Rf | ln x ,z , exp i
−

⎛ ⎞
⎛ ⎞⎜ ⎟= − − Φ −⎜ ⎟⎜ ⎟ ⎝ ⎠⎜ ⎟

⎝ ⎠ξ

θ ηθ ω θ
σ σ σ

 (16)  
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so the expected value of the distribution whose kernel density shown in (16) is given 

by: 

 

( )
( )

( )

221

2 20

221 1
2 20

2 2

2 2

ii i
i

i i i i i

ii i
i i

lnR Rexp d

E | ln y ,ln x ,z
lnR Rexp d−

⎛ ⎞ ⎛ ⎞− − Φ −⎜ ⎟ ⎜ ⎟⎜ ⎟ ⎝ ⎠⎝ ⎠≡ =
⎛ ⎞ ⎛ ⎞− − Φ −⎜ ⎟ ⎜ ⎟⎜ ⎟ ⎝ ⎠⎝ ⎠

∫

∫

ξ

ξ

θ η θ
σ σ σ

θ θ
θ η θ θ

σ σ σ

(17) 

 

where the denominator is the normalizing constant, whereas the integrals can be 

numerically approximated.  In fact, the integral in the denominator is available from 

the computation of the log-likelihood function. It can be shown easily that these 

integrals are expectations of  1ki
i

R −⎛ ⎞−⎜ ⎟
⎝ ⎠

ηΦ
σ

θ  for k=0,1, when ilnθ  follows a particular 

truncated normal distribution whose scale and location parameters can be found by 

completing the square in the term that appears inside the exponential function.18  

The estimation of farm-specific technical inefficiency in the use of conventional 

inputs is based on  which can be decomposed as follows: (i i i iu E u | ln y ,ln x ,z= )i

 

( ) ( )1

0i i i i i i i i i i iu E u | ,ln y ,ln x ,z , f | ln y ,ln x ,z , d= ⋅∫ θ ω θ ω θ   (18) 

 

In this integral, we have ( ) ( )
( ) ( )i

i i i i i * i
i

R
E u | ,ln y ,ln x ,z , R

R
⎡ ⎤

= −⎢ ⎥Φ −⎣ ⎦

φ η σ
θ ω σ η σ

η σ
 

where 2 2 2
* u v= 2σ σ σ σ , which follows from the standard Jondrow et al.,  result 

(conditional on iθ ). Moreover, the kernel of ( )i i if | ln x ,z ,θ ω  is provided in (16) and 

thus by dividing with the appropriate normalizing constant, we obtain: 

 

( )
( ) ( ) ( )

( )

1

0

1

0

i
* i i i

i
i

i i i i

R
i iR f | ln x ,z , d

R
u

f | ln x ,z , d

⎡ ⎤
− ⋅⎢ ⎥Φ −⎣ ⎦=

∫

∫

φ η σ
σ η σ θ ω

η σ

θ ω θ

θ
 (19) 
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The integral in the denominator is available from computation of the log-likelihood 

function. The integral in the numerator has, again, to be approximated using 

numerical integration. From , one may easily get iu iτ . Although not of much 

practical use, we may mention that Laplace's rule for integrals can be used to obtain 

the approximation  

 

( )
( ) (*

i
i

i

R
u

R

⎡ ⎤
⎢ −
Φ −⎢ ⎥⎣ ⎦

φ η σ
)iR ⎥σ η σ

η σ
    (20) 

 

where ( ) ( )*
i i i iR ln y ln x ; exp z= − + −β α γθ i , and *

iθ  denotes the mode of the 

conditional distribution of .  Since there is no analytical expression 

for the mode, we may proceed by using the mean instead i.e. 

( i i i| ln y ,ln x ,zθ )i

îiθ θ= . Using this 

approximation (whose accuracy is unknown) one can avoid a second numerical 

integration to obtain  in excess of the one used to compute ˆiu îθ . A more accurate 

approximation would be to use the mode iθ  instead of the mean but that would 

require (univariate) numerical maximization of the function shown in (16) which 

would defeat the purpose of the approximation..  

Furthermore, we are interested in the joint distribution of iτ  and iθ  for a 

particular farm, after observing the sample. The particular farm can be one whose data 

is given by19 y*, x* and z*. The required distribution has density whose kernel is given 

by20

 

( )
( ) ( ){ } ( ) ( )
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− −

=
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ξ

τ θ

β α γθ τ θτ
− τ θ

σ σ σ

 (21) 

 

The normalizing constant can be computed numerically but it is not actually 

needed if it is desirable to present contours or a surface plot of this bivariate kernel 

density.  In that case, it can be normalized in a different way, for example by setting 
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its maximum value equal to unity since this will not affect the presentation in any 

essential way. Here, we are interested in this joint kernel density for a "median farm" 

whose data are given by the median values of output, conventional factors of 

production and damage control input.  To evaluate this kernel density, we simply 

compute the expression shown above over a 40x40 grid of values of τ and θ. 

 

Data and Empirical Results 

The data for this study are drawn from FADN database and refer to 844 Greek cereal 

farms observed for the 2003 period.  One output and six inputs were distinguished.  

Output is measured as the total gross revenues arising from cereal production (i.e., 

soft and durum wheat, corn, maize, barley) measured in euros. The inputs considered 

are: (a) total labour, comprising hired (permanent and casual), family and contract 

labour, measured in working hours; (b) total agricultural land in hectares; (c) 

purchased intermediate inputs, such as seeds, fertilizers, energy, storage, irrigation 

water measured in euros and; (d) total value of machinery, buildings and equipment 

measured also in euros.  Finally, the damage control input includes all pesticide 

materials (i.e., insecticides, herbicides) measured in litres.  Aggregation over the 

various components of the input and output categories was conducted using Divisia 

indices with cost or revenue shares serving as weights.  Further, in order to avoid 

problems associated with units of measurement, all variables included in the 

stochastic Cobb-Douglas production frontier model were converted into indices. The 

basis for normalization was the farm with the smallest deviation of its output and 

input levels from the sample means.  Summary statistics of the variables used are 

given in Table 1.  On the average, the total revenues received by Greek cereal farms 

are 17,436 euros ranging from a minimum of 1,664 to a maximum of 116,944 euros.  

This total value arises from the cultivation of 9 ha and utilizing 12,820 working hours, 

8,126 euros of intermediate inputs, 3,328 euros of capital equipment and 640 litres of 

pesticides.  

The maximum likelihood estimates of the stochastic production frontier in (10) 

are presented in Table 2.  All the estimated parameters of the conventional factors of 

production have the anticipated sign and magnitude and there are all statistical 

significant at the 1 per cent level.  These values coincides with the relevant production 

elasticities of each conventional input. These estimates indicate that labor contributed 

the most to cereal production with a point value of 0.3538, followed by land which 
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exhibit very close estimate, 0.3077, capital inputs, 0.1451 and intermediate expenses, 

0.1346.  In total Greek cereal farms exhibit decreasing returns to scale, 0.9412.  Table 

2 also presents the relevant parameter estimates of the damage function.  Specifically, 

the parameter α that accounts of the direct effect of damage agent density is statistical 

significant at the 1 per cent level (0.8950), whereas the parameter capturing the effect 

of pesticides on the damage agents is 0.8710, also statistical significant at the 1 per 

cent level.  Finally, the variance parameters of all three error terms included in (10) 

are statistically significant at the 1 per cent level.  The estimates of the stochastic 

production frontier models have been used to analyze the effectiveness of pesticides 

application.  Figure 1 shows the per hectare effect of pesticide application.  With no 

pesticide materials applied (i.e., insecticides, herbicides), cereal growers would realise 

only the 31.1 per cent of their potential output given the production technology and 

the efficiency in input use.  On the other hand, the maximum abatement effort of 

pesticides may result to the 81.6 per cent of the realized output.  On the average 

pesticide application by cereal farmers reduces pest damage on realized output given 

the production technology the available resources and their efficient use by 39.4 per 

cent.  Another key point to note from the diagram is that the damage control curve is 

convex in the lower application regions (i.e., until 50 litres per ha), indicating the 

increasing marginal effect of pesticide at lower application ranges.  

Using the parameter estimates reported in Table 2, the marginal products of each 

input were computed and presented in Table 3.  According to these estimates an 

increase in the acreage by one ha will increase farm produce by 808 euros on the 

average, ranging from a low of 70 to euros to a maximum of 13,265 euros.  Similarly, 

an increase in labor used by one working hour will increase cereal production by 2.49 

euros ranging between 0.10 and 11.26 euros, in intermediate inputs by one euro will 

increase production by 0.34 euros ranging between 0.05 and 3.59 euros and, in capital 

equipment by one euro will increase production by 1.05 euros ranging between 0.13 

and 30.55 euros.  Finally, the marginal product of pesticides was found to be 0.21 

euros per litre ranging between 0.02 and 0.31.  Using these estimates the marginal 

value product of pesticides materials (i.e., insecticides, herbicides) was computed and 

compared with the mean price of pesticides at a per hectare basis. These computations 

was done holding all other inputs constant at the sample average values and varying 

pesticide quantity. The result is presented in Figure 2.   
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The shape of the MVP curve is monotonically increasing with increased 

pesticide application.  The optimal allocation is determined at about 50 litres per ha 

indicating under-application of pesticide.  On the average, cereal farms in Greece 

utlize 25.37 litres per ha of pesticides a value which significant lower than the 

optimum value.  This outcome can be partly explained from the financial constraints 

imposed to cereal farmers.  Pesticide materials (i.e., insecticides, herbicides) require 

large cash flows which may not be available for farmers particularly at the mid-season 

when financial reserves are low and cash receipts have not yet realized.  Additionally, 

since pest infestation varies considerably during cropping season, in case that farmers 

apply pesticides precautionary on the basis of their past experience, a difficult pest 

season or year may well find their application levels below the optimal values.  

However, this optimal allocation does not take into consideration the environmental 

and health costs of pesticide use, which would reduce the socially optimal application 

rate.  Thus, the under-use reported here would be further reduced if these negative 

externalities could be measured an allowed for.  However, what is important from the 

analysis, is that the introduction of pesticide tax would have no-effect in pesticide use 

as pesticides exhibit increasing returns per ha for Greek cereal farms.  So if pesticide 

application need to be restrained, policy makers should search for alternative policy 

instruments rather than the imposition of an ad valorem tax.   

Turning now to technical efficiency estimates, Table 4 presents their frequency 

distribution within a decile range for both conventional and damage control input.  

Average point estimate over farms of output-oriented technical efficiency in 

conventional inputs use (i.e., labor, land, intermediate inputs and capital equipment) is 

70.8 per cent.  This value implies that output of cereal farms (i.e., soft and durum 

wheat, corn, maize, barley) can be increased by 29.2 per cent without altering 

conventional input use, the production technology and, pest density incidence as long 

as farmer’s know how is improved.  The variation across farms is substantial as mean 

efficiencies ranges from a low of 24.9 per cent to a high of 92.5 per cent (standard 

deviation was found to be only 9.2 per cent).  The majority of cereal farms in the 

sample (504 out of 844 farms) exhibit technical efficiency estimates in the use of their 

conventional inputs between 80-100 per cent.  Nevertheless, there are farms facing 

significant technical inefficiency problems as the 16.3 per cent of the sample 

participants exhibit technical efficiency ratings below 60 per cent.   
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On the other hand, technical efficiency in the use of pesticide materials (i.e., 

insecticides, herbicides) was found a bit higher than output-oriented technical 

efficiency, 73.9 per cent.  This value implies that average damage abatement level 

caused by insects and weeds and therefore output produced could be maintained by 

using 26.1 per cent less of pesticide materials given the structure of the production 

technology and the efficiency in the use of conventional factors of production if 

farmers know-how is improved.  The variation across farms is lower than that of 

output-oriented technical efficiency in conventional inputs as the corresponding 

standard deviation value is lower, 2.81 per cent.  Specifically, technical efficiency in 

pesticide materials ranges from a low of 57.0 to a high of 89.6 per cent.  There are 

only eight (8) cereal farms in the sample for which their corresponding average 

technical efficiency estimates is below 60 per cent.  The vast majority of sample 

participants exhibit point estimates between 70 and 80 per cent indicating a rather 

adequate application of pesticide materials.  This is rather expected as pesticide 

materials involve significant cost directly realized by cereal farmers in contrary with 

land input and family labour that have only an imputed rent in the production of 

cereals. Hence, farmers are more cautious in applying pesticide materials which is 

evident from their under-use.  

Strengthening further our empirical results we have computed Spearman 

correlation coefficient between the two efficiency indices in order explore the 

potential relationship among them.  The results suggest that there is a statistical 

significant positive correlation among the two efficiency indices.  Specifically 

Spearman correlation coefficient was found to be 71.9.  The result is not surprising 

considering that farmer’s managerial ability may be reasonably assumed to affect the 

way that all inputs are utilized in the production process.  According to the relevant 

literature in both developed and developing countries human capital variables are 

among the most important factors determining farmer’s managerial ability (e.g., 

education level, hands-on experience, extension services etc.). If farmers are not 

technical efficient in the use of conventional inputs this is because their respective 

know-how is inadequate.  They make thus allocative errors in applying various inputs 

in sheep farming.  If this is true we can expect that the same would apply for damage 

control inputs.  So the high correlation between the two efficiency indices was 

expected a priori.   
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Concluding Remarks 

This paper extends the literature on damage control econometrics providing a 

theoretical consistent framework for the quantitative measurement of technical 

efficiency in both damage control and conventional factors of production.  The 

proposed model makes use of the traditional stochastic frontier framework using the 

theoretical foundations suggested by FW that extent the traditional model developed 

by LZ allowing for increasing returns in the use of damage control agents (i.e., 

pesticide materials).  The econometric estimation of the resulted model is based on 

maximum likelihood techniques and it can be applied to any functional specification 

of the production function as well as of the damage and control functions that are 

suggested from the relevant literature (i.e., Pareto, logistic, Weibull, rectangular 

hyperbola, linear response plateau and square root response plateau). Finally, although 

our model is based on Fox and Weersink theoretical specification it can be 

straightforward adapted to other models appearing in the damage control 

econometrics literature like those suggested by Carpentier and Weaver, Zengfei et al. 

and Saha, Shumway and Havenner.   

This methodology is applied to a cross-section data set of 844 cereal farms in 

Greece, for the 2003 cropping period.  The empirical results suggest that cereal 

farmers are technical inefficient in the use of both conventional and damage control 

inputs (i.e., pesticide materials).  Specifically, average output-oriented technical 

inefficiency in conventional inputs was found to be 29.2 per cent, whereas the 

corresponding value for pesticide materials was a bit lower, 26.1 per cent.  Both 

indices of technical efficiency exhibit a strong and statistically significant correlation 

which was expected a priori.  Finally, average estimates of the marginal product of 

pesticide materials was found to be 2.74 euros per litre, whereas returns to scale were 

diminishing, 0.9412.  On the average Greek cereal farms underutilize pesticide 

materials in their production process due to the fact that they exhibit increasing 

returns.  Hence the imposition of a blind ad valorem tax will have no effect in 

pesticide applications.  This should be combined with indirect measures aimed to 

improve farmer’s know-how. 
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Table 1. Summary Statistics of the Variables.  
 
Variable Average Max Min StDev 

Output (in euros) 17,436 116,944 1,665 14,088 

Land (in ha) 9 77 1 8 

Labor (in hours) 2,820 12,320 437 1,637 

Intermediate Inputs (in euros) 8,126 49,150 487 6,198 

Capital Equipment (in euros) 3,328 22,249 53 2,523 

Pesticides (in litres) 228 1,549 6 213 
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Table 2. Parameter Estimates of the Cobb-Douglas Stochastic Production Frontier.   
 
Variable Estimate Std Error 

Production Frontier  

Constant 0.7390 (0.1195)*

Land 0.3077 (0.0542)*

Labour 0.3538 (0.0289)*

Intermediate Inputs 0.1346 (0.0343)*

Capital Equipment 0.1451 (0.0237)*

RTS 0.9412 

Damage Function  

α 0.8950 (0.0659)*

γ 0.8710 (0.1093)*

Variance Parameters  

σv 0.3586 (0.0283)*

σu 0.3549 (0.0782)*

σθ 0.4126 (0.0015)*

*  indicate statistical significance at the 1 per cent level. 
 
 
 
 
 
 
 

 - 23 -



Table 3. Marginal Products of Conventional Inputs and Pesticides. 
 
Input Mean Max Min StDev 

Land1 808 13,265 70 781 

Labour2 2.49 11.26 0.10 1.75 

Intermediate Inputs3 0.34 3.59 0.05 0.26 

Capital Equipment3 1.05 30.55 0.13 0.87 

Pesticides4 2.74 3.84 0.21 0.99 
1 in euros per ha; 2 in euros per working hour; 3 in euros per euro; 4 in euros per litre. 
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Table 4. Frequency Distribution of Technical Efficiency Ratings. 
 

Efficiency (%) TEO TEZ

0.1 0 0 

0.2 0 0 

0.3 1 0 

0.4 8 0 

0.5 16 0 

0.6 64 8 

0.7 251 24 

0.8 387 792 

0.9 114 20 

1 3 0 

N 844 844 

Min 24.9 57.0 

Max 92.5 89.6 

Mean  70.8 73.9 
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Figure 1. Realized Cereal Production and Pesticide Application. 
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Figure 2. Marginal Value Product per Hectare of Pesticides. 
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Endnotes 

                                                 
1 Other important examples of damage control agents outside agriculture include the 

use of smoke alarms and sprinklers system to prevent fire, immunization to prevent 

diseases in population, alarm systems to prevent crimes against property, water and 

air purification systems.  To a certain extent even national defense can be thought as 

an example of damage control input.  
2 In some cases they even decrease farm production.  For instance the excess use of 

pesticides in the early stages of plant growth or in inadequate time period may have 

disastrous impact on farm produce (Pedigo, Hutchins  and  Higley).  A nice example 

occurred in 1994 with the herbicide Ultin released by DuPont.  In the unusually hot 

and humid weather conditions that occurred in that summer in Southern Ontario, the 

herbicide was taken up in unusual quantities by the crop and crop damage occurred 

before DuPont change the strength and application recommendations.  
3 Farmers are less likely to reduce pesticide use in the face of increasing resistance 

because individual farmers have little or no effect on the aggregate level of pest 

resistance, assuming a mobile pest population.  This is illustrated by the Imperial 

Valley of California, where pests resistance became such a problem that pesticides 

were no longer a viable option and many producers exit the cotton sector.   
4 Ehrlich and Becker were the first who dealt explicitly with the issue of self-

insurance and self-protection under production uncertainty.  Even since a number of 

paper have considered models of loss-reduction in the context of a firm (Pope and 

Kramer; Dionne and Eeckhoudt; Hiebert). 
5 However, later on Hall and Moffit pointed out that the lack of incorporation of 

entomological information and detailed stage-by-stage data on pest infestation and 

pesticide application decrease the reliability of damage control estimates  obtained 

from the various model specifications.  Nevertheless, given the limitations imposed by 

recall farm survey data, the asymmetric treatment of pesticides suggested by LZ 

provide a more accurate framework for the analysis of pesticide productivity.  
6 At the same time Blackwell and Pagoulatos utilized a process model of production 

that accounts for state variables omitted from Lichtenberg and Zilberman theoretical 

specification.  In addition, Babcock based on the empirical findings reported by 

Carlson, Noorgard and Feder introduced explicitly in the model production 

uncertainty. Finally, Chi et al., based on LZ asymmetric specification developed an 
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( )

empirical model to determine the optimal set of control strategies for four production-

limiting cattle diseases in Canada.  
7 The latter problem dissolves when a Pareto form is chosen for the output damage 

function in LZ formulation.  
8 Eventually, the assumption that damage control agents affects equally all 

conventional factors of production can be relaxed complicating, however, further the 

econometric estimation of the production model.  
9 Several years later, Oude Lansink and Carpentier using a flexible quadratic 

specification for the production function estimated via generalized maximum entropy 

estimator a variant of output and input abatement models.   
10 For instance, fertilizers stimulates the growth of weeds and thus changing the effect 

of herbicides whereas the application of irrigation increases soil moisture providing 

favorable conditions for the growth of certain pests.  
11 Actually the authors recognizing that deficiency of their DEA model employ a 

sensitivity analysis to investigate the impact of outliers on the shadow price of 

pesticides (p.51).   
12 As noted by Carpentier and Weaver (p. 51 theorem 1) their model collapses to the 

traditional LZ formulation either if constant returns to scale prevails or the input-

abatement function is common across conventional inputs.  
13 It is assumed that damage agent only affects the quantity of output produced and 

not it’s quality.  The model can be generalized to account for quality changes (see 

Babcock, Lichtenberg and Zilberman).  
14 Even with the general assumption that the marginal damage effect of damage agent 

is non-negative ( )2 2
ih B0ih B⋅ ∂ ≥ , the sign of ∂ ∂ ⋅ ∂

i

 is underdetermined. 

Nevertheless, the damage function is often assumed concave.  
15 In the extreme case where farmers applies a wrong damage control input at an 

inappropriate time, θ  could be equal to zero.  
16 Although the exponential specification has been mostly applied in damage control 

econometrics, several other functional specification having the properties of a 

cumulative distribution function have been suggested in the literature including: 

Pareto, logistic, Weibull, rectangular hyperbola, linear response plateau and square 

root response plateau.  Lichtenberg and Zilberman and Fox and Weersink provide a 
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thorough discussion on the properties and empirical implementation of these 

functional specifications.  Our specification of technical efficiency in damage control 

inputs can be easily applied to any of the above functional specifications for both the 

damage and control function.  
17 We used ten point numerical integration rule and the BFGS optimization technique. 

Gauss code is available upon request. 
18 Since this does not aid the computation in a significant way, we omit the details 

here. 
19 This can also be a farm actually observed. 
20 The dependence of this kernel density on lnyit, lnxit, and zit comes from the fact that 

maximum likelihood estimates of the parameters have to be plugged in. 
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