
Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=raec20

Applied Economics

ISSN: (Print) (Online) Journal homepage: https://www.tandfonline.com/loi/raec20

Impact of public subsidies on persistent and
transient technical efficiency: evidence from
French mixed crop-livestock farms

Jean Joseph Minviel, Timo Sipiläinen, Laure Latruffe & Boris E. Bravo-Ureta

To cite this article: Jean Joseph Minviel, Timo Sipiläinen, Laure Latruffe & Boris E. Bravo-
Ureta (19 Nov 2023): Impact of public subsidies on persistent and transient technical
efficiency: evidence from French mixed crop-livestock farms, Applied Economics, DOI:
10.1080/00036846.2023.2281289

To link to this article:  https://doi.org/10.1080/00036846.2023.2281289

© 2023 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group.

Published online: 19 Nov 2023.

Submit your article to this journal 

Article views: 289

View related articles 

View Crossmark data

https://www.tandfonline.com/action/journalInformation?journalCode=raec20
https://www.tandfonline.com/loi/raec20
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/00036846.2023.2281289
https://doi.org/10.1080/00036846.2023.2281289
https://www.tandfonline.com/action/authorSubmission?journalCode=raec20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=raec20&show=instructions
https://www.tandfonline.com/doi/mlt/10.1080/00036846.2023.2281289
https://www.tandfonline.com/doi/mlt/10.1080/00036846.2023.2281289
http://crossmark.crossref.org/dialog/?doi=10.1080/00036846.2023.2281289&domain=pdf&date_stamp=19 Nov 2023
http://crossmark.crossref.org/dialog/?doi=10.1080/00036846.2023.2281289&domain=pdf&date_stamp=19 Nov 2023


Impact of public subsidies on persistent and transient technical efficiency: 
evidence from French mixed crop-livestock farms
Jean Joseph Minviela, Timo Sipiläinenb, Laure Latruffec and Boris E. Bravo-Ureta d

aUniversité Clermont Auvergne, INRAE, Vetagro Sup, UMR Herbivores, Saint-Genès-Champanelle, France; bDepartment of Economics and 
Management, University of Helsinki, Helsinki, Finland; cINRAE, University Bordeaux, CNRS, BSE, Pessac, France; dDepartment of Agricultural 
and Resource Economics, University of Connecticut, Connecticut, USA

ABSTRACT
This study contributes to the existing literature on the influence of public subsidies on farmers’ 
technical efficiency by highlighting the importance of separating persistent and transient ineffi
ciency. Using data from a sample of French mixed (crop-livestock) farms, and relying on recent 
developments in stochastic frontier analysis, we find that public subsidies are positively associated 
with both persistent and transient technical inefficiency. The effect of public subsidies on persis
tent technical inefficiency suggests that they induce sluggish adjustments (restructuring) in farm 
management practices.
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I. Introduction

There is a long tradition of government interven
tion in the agricultural sector, particularly in more 
developed countries, with the implementation of 
policies that provide financial support to farmers. 
For instance, agricultural support policies in the 
United States (US) and the European Union (EU) 
began in the 1930s and the 1960s, respectively. In 
the last two decades, the EU has spent around 
€50 billion annually on the Common Agricultural 
Policy (CAP), an amount that represents approxi
mately 40% of the EU budget (Anania and Pupo 
D’Andrea 2015; Greer 2013). Similarly, the US 
Farm Bill costs around €65 billion annually and 
agricultural subsidies account for approximately 
20% of this figure (Johnson 2007; Johnson and 
Monke 2014). Since their inception, agricultural 
support policies in developed countries have been 
subject to a continuous reform process to adapt to 
the changing economic, social and environmental 
conditions within which farmers operate. The 
major reforms of agricultural support policies 
have entailed a movement from market price sup
port to coupled direct payments (production- 

related supports) and, more recently, decoupled 
direct payments to farmers. In the EU, along with 
the direct payment schemes, farmers have been 
encouraged to engage voluntarily in environmen
tally friendly farming practices through various 
agri-environmental schemes. All these payments 
are aimed mainly at supporting producer incomes, 
preserving strategic farming systems, and encoura
ging environmentally friendly practices. However, 
theoretical and empirical studies (e.g. Kumbhakar 
and Lien 2010; Martin and Page 1983; Minviel and 
Latruffe 2017; Serra, Zilberman, and Gil 2008; Zhu 
and Oude Lansink 2010) show that public subsidies 
may also influence the technical efficiency of 
farmers.

In the subsidy-efficiency literature, a number 
of papers have analysed the link between changes 
in agricultural support policies and the evolution 
of farm technical efficiency. One of the potential 
drawbacks of these papers is that they are almost 
exclusively based on overall technical efficiency 
measures that do not distinguish between transi
ent and persistent inefficiency. This paper con
tributes to the literature on the subsidy-efficiency 
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nexus by analysing the effects of public subsidies 
on both transient and persistent technical ineffi
ciencies. In practice, persistent and transient inef
ficiencies are expected to have different policy 
implications. Indeed, transient (short-run) ineffi
ciency can change, inter alia, because of farmers’ 
experience and their ability to handle random 
factors such as weather conditions or pest out
breaks (Kumbhakar, Lien, and Hardaker 2014; 
Manevska-Tasevska et al., 2017). In contrast, per
sistent inefficiency is by definition time- 
invariant, and thus can only change in the long 
run through farm restructuring. In other words, 
persistent inefficiency is unlikely to evolve unless 
there are major changes in drivers, such as public 
policies, which may affect farm management 
practices (Kumbhakar, Lien, and Hardaker 2014; 
Kumbhakar, Wang, and Horncastle 2015). 
Therefore, it is informative to separate the per
sistent and transient components when analysing 
the influence of public subsidies on farmers’ 
managerial performance. For instance, in the 
context of the successive reforms of the EU 
CAP, separating persistent from transient ineffi
ciency may shed light on the extent to which 
such reforms induce net changes in farm man
agement practices.

The idea of investigating the impact of public 
subsidies on persistent and transient inefficiency is 
a recent research question suggested by Minviel 
(2015), and, to the best of our knowledge, there 
are very few studies on this issue. Addo and 
Salhofer (2022) investigate the effects of subsidies 
on transient efficiency. In contrast, the current 
paper examines the effect of public subsidies on 
both persistent and transient inefficiency. In addi
tion, compared to the framework used by Addo 
and Salhofer (2022), the current paper uses an 
advanced multi-step estimation procedure sug
gested by Bokusheva et al. (2023), which consists 
in applying a non-linear system generalized 
method of moment estimator. An attractive feature 
of this estimator is that it provides consistent esti
mates by accounting for three sources of potential 
endogeneity: (i) unobserved heterogeneity; (ii) 
simultaneity of input use with both types of tech
nical efficiency; and (iii) potential correlation of the 
noise term with the regressors. This approach 
makes for more reliability estimates since 

endogeneity may be linked to factors that may be 
unobserved by researchers, but observed or antici
pated by farmers, who can then adjust their pro
duction decisions accordingly.

Transient technical inefficiency can be related to 
public subsidies because the extra income provided 
by subsidies could induce farmers to work harder 
to deal better with stochastic events affecting their 
production process, such as weather conditions or 
pest outbreaks.

Conceptually, public subsidies can also affect 
persistent inefficiency because changes in farm 
management practices in response to such subsi
dies might require operational changes and learn
ing by doing from managers. These adjustments 
are potentially costly and might require new skills 
and additional time (Choi, Stefanou, and Stokes  
2006). On the other hand, public subsidies can 
help in the financing of these adjustments, espe
cially when farmers face binding credit constraints, 
and may also facilitate the acquisition and use of 
new skills and information that enhance manage
rial performance i.e. technical efficiency (see Ciaian 
and Swinnen 2009; Latruffe 2010).

However, subsidies may distort incentives and 
delay adjustment decisions by helping farmers to 
smooth their income over different states of nature 
and over time. More precisely, it is recognized that 
adjustment decisions can be postponed and can be 
influenced by the elasticity of inter-temporal sub
stitution (EIS) of decision-makers (Pindyck 1993; 
Lence, 2000). EIS can be perceived here as an 
indicator of the willingness of decision-makers to 
smooth their wealth over time (see Weil, 2002) 
through adjustment decisions. Thus, the timing of 
adjustment decisions could be distorted depending 
on the EIS; these effects could be reflected in per
sistent technical inefficiency levels. Overall, 
whether public subsidies have a positive or negative 
effect on farm-level inefficiency (including persis
tent and transient inefficiency) is an empirical 
question.

The remainder of the paper is organized as fol
lows. The next section provides background on the 
major reforms of EU agricultural support policies, 
and on the persistent and transient technical effi
ciency concepts. Section III presents the analytical 
framework employed, followed by a description of 
the data used. Section IV examines the main 
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results, and the paper ends with some concluding 
remarks.

II. Background

The major reforms of the EU agricultural support 
policies

As previously outlined, the EU Common 
Agricultural Policy (CAP) has undergone 
a continuous reform process to accommodate 
changing economic, social and environmental con
ditions within which farms operate. Initially, the 
CAP was based on market price support which 
provided a minimum fixed price (guaranteed 
prices) for certain commodities. This support was 
criticized because of its influence on production 
decisions in the absence of price (or market) sig
nals. In addition, as it ensures a minimum price for 
certain commodities, market price support has 
encouraged overproduction and intensive use of 
resources. To avoid such effects, in 1992, the CAP 
underwent its first reform (the MacSharry reform) 
which initiated a reduction in the price support 
scheme in favour of direct payments to farmers, 
coupled to production decisions. That is, the CAP 
was partially switched from price support to 
a direct income support model. The MacSharry 
reform also introduced set-aside payments to with
draw farmland from production as a way to address 
overproduction.

In 2000, the CAP experienced a second reform 
(the Agenda 2000), which pursued the reduction 
of guaranteed prices in favour of an increase in 
direct payments. The Agenda 2000 reform 
divided the CAP into two pillars: production 
support (Pillar I); and rural development support 
(Pillar II) (Matthews 2013a). Following this 
reform, production-related direct payments were 
also criticized because they (i) influenced produc
tion decisions without providing adequate price 
signals, (ii) provided incentives to expand pro
duction of the more subsidized products, and (iii) 
offered incentives for the intensification of 
resource use. To address these concerns, a third 
reform of the CAP (the Luxembourg reform), 
adopted in 2003 and implemented in France in 
2006, introduced decoupled direct payments, 
which are subsidies granted to farmers without 

any connection to production. The Luxembourg 
reform modified ″income support by the intro
duction of a single payment scheme not linked to 
the production of any particular product 
(‘decoupled’) and introduced the ‘cross compli
ance’ concept, linking payments to food safety, 
environmental protection and animal health and 
welfare standards″ (European Commission 2017). 
However, coupled direct payments have not com
pletely disappeared from the CAP, since the 
reforms kept this mechanism as a means to pro
mote some specific farming systems (Matthews  
2015; Rizov, Pokrivcak, and Ciaian 2013).

The last CAP reform, adopted in 2013 and 
launched in 2014, continues along the path started 
with the MacSharry reform, boosting market orien
tation for EU agriculture while providing income 
support for producers (European Commission  
2013). It also improves the integration of environ
mental requirements and reinforces support for 
rural development across the EU. One of the 
major policy instruments introduced in this 2013 
reform is a Green Direct Payment, which is incor
porated in the first pillar of the CAP, and is tar
geted to the provision of environmental public 
goods. More precisely, it rewards farmers for com
plying with three agricultural practices, namely 
maintenance of permanent grasslands; ecological 
focus areas; and crop diversification.

These policy instruments were introduced to 
promote the modification of farmers’ production 
decisions and, consequently, are likely to affect 
farm management performance, providing the 
impetus to examine the link between CAP reforms 
and persistent and transient technical efficiency of 
farms. Unfortunately, we are not able to include the 
last reform in this study, because we do not have 
the required data for this time period.

Persistent and transient technical efficiency

Output-oriented technical efficiency refers to the 
ability of a decision-making unit (DMU) to pro
duce the maximum possible output given inputs, 
the technology and the environment (Njuki, Bravo- 
Ureta, and Cabrera 2020). Technical inefficiency is 
thus the shortfall in observed production relative to 
a best-practice frontier (Kellerman 2015). 
Technical efficiency is commonly estimated using 
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frontier models based on non-parametric data 
envelopment analysis (DEA) (Banker, Charnes, 
and Cooper 1984; Farrell 1957) or parametric sto
chastic frontier analysis (SFA) (Aigner, Lovell, and 
Schmidt 1977). In DEA, the technical efficiency 
scores are computed using piece-wise linear pro
gramming techniques, assuming that the data are 
not noisy. In contrast, in SFA, technical efficiency 
scores are estimated using econometric techniques, 
which makes it possible to separate noise from 
inefficiency. Neither of these methods is superior 
in all respects to the other in real-world 
applications.

However, recent developments in SFA meth
odologies focusing on the analysis of transient 
and persistent efficiency show the strength of 
separating noise from inefficiency to obtain robust 
estimates and to adequately control for unobserved 
heterogeneity (Greene 2005b and b) (Filippini and 
Greene 2016). Modelling heterogeneity is impor
tant to capture permanent differences among 
DMUs which, if not controlled for, are likely to 
be confounded with inefficiency. For instance, dif
ferences in input use between two farms may be 
due to unobserved land quality. Furthermore, the 
individual (farm) effects or external conditions, 
which are observed by the decision-maker but not 
by the econometrician, may influence decisions 
and thus induce different input and output levels. 
Hence, it is crucial to account for heterogeneity 
when measuring technical efficiency.

To address the issue of unobserved heteroge
neity between DMUs in the SFA framework, the 
so-called ‘true’ random effect (TRE) model 
(Greene 2005a, 2005b) has offered a desirable 
option for several years. However, more recent 
SFA models (Colombi et al. 2014; Filippini and 
Greene 2016; Kumbhakar, Lien, and Hardaker  
2014; Kumbhakar, Wang, and Horncastle 2015; 
Tsionas and Kumbhakar 2014) make it possible 
to account for unobserved individual heterogene
ity distinguishing between persistent (time- 
invariant) and transient (time-varying) technical 
efficiency. A notable drawback of models that 
account only for individual heterogeneity is 
their failure to capture persistent inefficiency, 
which is hidden within the individual effects. In 
other words, by accounting only for individual 
heterogeneity, it is implicitly assumed that all 

time-invariant effects are captured by the hetero
geneity term which yields biased inefficiency esti
mates, if persistent inefficiency exists 
(Kumbhakar, Wang, and Horncastle 2015).

Kumbhakar et al. (2015) argue that accounting 
for persistent inefficiency is important because it 
accounts for factors like management (Mundlak  
1961), as well as for the effects of some unobserved 
factors which may vary across DMUs but not over 
time. Persistent inefficiency is unlikely to change 
unless changes are made that affect farm manage
ment style, such as changes in farm ownership, or 
changes in the operating environment (e.g. changes 
in government regulations, taxes, or subsidies) 
(Kumbhakar, Lien, and Hardaker 2014). By con
trast, transient inefficiency might change over time 
without any change in farm management practices. 
For instance, transient inefficiency may change 
because of the farmer’s experiences or random 
factors such as weather conditions (Kumbhakar, 
Lien, and Hardaker 2014; Manevska-Tasevska, 
Hansson, and Labajova 2017). Therefore, an analy
sis comparing persistent with transient technical 
inefficiency is of interest from a policy perspective. 
In particular, in the context of the successive 
reforms of the EU CAP, this analysis can reveal 
whether such reforms really induce changes in 
farm management practices.

In sum, the present study is built on the recent 
methodological advances that make it possible to 
distinguish between persistent and transient tech
nical efficiency, while controlling for individual 
heterogeneity. To the best of our knowledge, this 
paper is one of the first applications of these recent 
advances in SFA to analyze the subsidy-efficiency 
nexus.

III. Analytical framework and data description

Analytical framework

As indicated above, the present study uses a model 
that distinguishes between persistent and transient 
technical inefficiency, while controlling for unob
served individual heterogeneity. This model, 
known as the generalized true random effect 
(GTRE) model (Filippini and Greene, 2016; 
Tsionas and Kumbhakar 2014), can be expressed 
as follows: 
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yit ¼ α0 þ f xit; βð Þ þ μi þ υit � ηi � uit (1) 

where yit denotes the log of output for farm i at 
time t; xit is a vector of inputs (expressed in logs); 
f xit; βð Þ stands for the production technology 
governing the input – output relationship; β is 
a vector of technological parameters to be esti
mated; and α0 is an intercept. Equation (1) incor
porates four random elements which can be 
expressed as follows: $i ¼ μi � ηi and 
εit ¼ υit � uit. The component $i is time invar
iant μi capturing farm heterogeneity and ηi 
reflects persistent technical inefficiency. In con
trast, εit is a time-varying component where υit is 
statistical noise that accounts for measurement 
and functional form errors, and uit represents 
transient technical inefficiency (Filippini and 
Greene, 2014).

The GTRE model can be estimated using 
a single-step maximum likelihood (ML) procedure 
based on distributional assumptions for the four 
error components (Colombi et al. 2014; Filippini 
and Greene 2016). However, the single-step 
approach is rather complex and challenging to 
implement in empirical applications (Filippini 
and Greene 2016). In addition, the single-step pro
cedure does not allow one to control for the endo
geneity that may arise from sources (Bokusheva, 
Čechura, and Kumbhakar 2023). The multi-step 
estimation procedure, proposed by Kumbhakar 
et al. (2014), is more straightforward to implement 
using standard software packages (Stead, Wheat, 
and Greene 2019). An appealing feature of the 
multi-step procedure is that it is easier to imple
ment, especially when explanatory variables are 
included in the inefficiency terms, enabling us to 
investigate factors that cause farms to deviate from 
frontier technologies.

In the current study, we rely on a modified ver
sion of Kumbhakar et al’.s (2014) GTRE model, 
using a multi-step procedure introduced recently 
by Bokusheva et al. (2023). The latter approach has 
the advantage of providing consistent estimates by 
accounting for three sources of potential endo
geneity, as explained above: (i) unobserved hetero
geneity; (ii) simultaneity of input use with both 
types of technical efficiency; and (iii) potential cor
relation of the noise term with the regressors.

To summarize Bokusheva et al’.s (2023) proce
dure, we rewrite Equation (1) as follows: 

yit ¼ α�0 þ f xit; βð Þ þ$i þ εit (2) 

where  
α�0 ¼ α0 � E ηi

� �
� E uitð Þ; $i ¼ μi � ηi þ E ηi

� �
; 

and εit ¼ υit � uit þ E uitð Þ; with E ηi
� �
¼

ffiffiffiffiffiffiffiffi
2=π

p
ση 

and E uitð Þ ¼
ffiffiffiffiffiffiffiffi
2=π

p
σu. In addition, we assume that 

both the mean transient technical inefficiency and 
the mean persistent technical inefficiency are non- 
linear functions of contextual drivers z and w, 
respectively, namely: 

E uitð Þ ¼

ffiffiffi
2
π

r

exp
1
2

δzit

� �

(3) 

E ηi
� �
¼

ffiffiffi
2
π

r

exp
1
2

θwi

� �

(4) 

Accordingly, the GTRE model can be rewritten as 
follows (Bokusheva, Čechura, and Kumbhakar  
2023): 

yit ¼ α0 �

ffiffiffi
2
π

r

exp
1
2

δzit

� �

�

ffiffiffi
2
π

r

exp
1
2

θwi

� �

þ f xit; βð Þ þ$i þ εit

(5) 

The estimation procedure consists of three steps. In 
the first step, a non-linear system generalized 
method of moments (GMM) estimator is used to 
account for the three sources of potential endogene
ity and to estimate the production technology para
meters β for the model in Equation (5). The system 
GMM estimates the model both in levels and in 
differences and uses two types of instruments: the 
lagged values of the level variables for the differ
enced equations and the lagged values of the differ
enced variables for the equations in levels. This helps 
to address the problem of weak instruments 
(Arellano and Bover, 1995; Blundell and Bond,  
1998; Mairesse and Hall, 1996). Additional variables 
related to farm heterogeneity, such as credit access, 
farmer’s age, share of rented land, share of pasture, 
share of irrigated land, as well as year and regional 
dummies, can be used as instruments if available. 
Note also that GMM consistently estimates the tech
nology parameters β directly from the moment 
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conditions, without imposing any conditions on the 
distribution of the error term.

In the second step, residuals from the system 
GMM level equations, namely r̂it, are used to dis
tinguish between the time-invariant ($i) and time- 
varying (εit) components of the composite error 
term by estimating the following equation as 
a random effects model: 

r̂it ¼ $i þ εit (6) 

In the final step, the predicted values for εit from 
the second step, and E uitð Þ estimated in the first 
step, are used to estimate the transient technical 
efficiency and its determinants using a stochastic 
frontier (SF) model in which the dependent vari
able is r1it. Indeed, given that 
εit ¼ υit � uit þ E uitð Þ, the residuals for εit from 
the second step can be rewritten as follows: 

r1it ¼ εit � E uitð Þ ¼ υit � uit (7) 

where the disturbance term υit is assumed to be i.i. 
d1 with υiteN 0; σ2

υ
� �

; and the transient term uit is 
assumed to follow a half-normal distribution with 

uiteNþ 0; σ2
uit

� �
where σ2

uit
¼ exp δzitð Þ. The transi

ent inefficiency component, uit, is assumed to be 
a function of exogenous drivers (zit), including 
public subsidies, and δ is a vector of unknown 
parameters to be estimated.

Note that the determinants of transient ineffi
ciency are modelled in the pre-truncated variance2 

of uit. As noted by Greene (2007), this specification 
allows not only for heteroscedasticity but also 
for variations in the mean of uit. Indeed, since uit 
is assumed to follow a half-normal distribution, 
then E uitð Þ ¼

ffiffiffiffiffiffiffiffi
2=π

p
σ2

uit
¼

ffiffiffiffiffiffiffiffi
2=π

p
exp 1

2 δzit
� �

(Badunenko and Kumbhakar, 2017). This implies 
that, given the half-normal assumption, the para
meterization of σ2

uit 
allows the z variables to affect 

the expected value of the transient inefficiency and 
that the sign of δ reveals the direction3 of the effect 
of z on E uitð Þ (Kumbhakar, Parmeter, and 
Zelenyuk 2020; Parmeter and Kumbhakar 2014).

In a similar fashion, in the final step, the pre
dicted values for $i from the second step and E ηi

� �

estimated in the first step are used to estimate the 
persistent technical efficiency and its determinants 
using a SF model in which the dependent variable 
is r2it. In particular, since $i ¼ μi � ηi þ E ηi

� �
, the 

residuals for $i from the second step can be rewrit
ten as follows: 

r2i ¼ $i � E ηi
� �
¼ μi � ηi (8) 

where μi is assumed to be i.i.d with μieN 0; σ2
μ

� �
; 

and the persistent inefficiency term ηi is 
assumed to follow a half-normal distribution with 

ηieNþ 0; σ2
ηi

� �
where σ2

ηi
¼ exp θwið Þ. The persis

tent inefficiency component, ηi, is assumed to be 
a function of exogenous drivers (wi), including 
public subsidies, and θ is a vector of unknown 
parameters to be estimated.

According to Lai and Kumbhakar (2018) and 
Lien et al. (2018), the determinants of the persistent 
technical inefficiency should be time-invariant. 
Hence, following Ogundari (2014), we take the 
mean (for each farm) of the time-varying variables 
to make them time-invariant in the persistent inef
ficiency equation. Furthermore, we alternatively 
estimate the persistent inefficiency model using 
different specifications for the subsidy variable 
(our variable of interest), such as the mean of sub
sidies per farm for the different CAP regimes.

The multi-step approach used is also known as 
pseudo- or plug-in likelihood estimation (Andor 
and Parmeter 2017; Kumbhakar and Parmeter  
2019). It is worth noting that this multi-step pro
cedure is different from the traditional two-step 
procedure in which efficiency scores are estimated 
in a first step and then regressed on a vector of 
exogenous variables in a second step. In contrast, 
the multi-step procedure used here estimates each 
inefficiency component and its determinants 
simultaneously.

The most commonly used functional forms for 
f :ð Þ in efficiency analysis are the Cobb-Douglas 
and the translog specifications (Bravo-Ureta et al.  
2007; Ogundari 2014). In the present paper, we use 
the translog specification because it has the 

1υit can also be assumed to be heteroscedastic.
2The z variables can also be modelled in the pre-truncated mean of uit (Badunenko and Kumbhakar, 2017).
3This property does not always hold for other distributional assumptions, such as the normal-truncated-normal (Parmeter and Kumbhakar 2014).
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advantage of being more flexible than the Cobb- 
Douglas (Coelli et al. 2003). The translog specifica
tion for f :ð Þ is given by: 

lnyit ¼ α0 þ
Xh

j¼1
βjlnxj;it þ βtt

þ
1
2

Xh

j¼1

Xh

k¼1
βjklnxj;itlnxk;it þ

1
2

βttt
2

þ
Xh

j¼1
βjtlnxj;itt þ$i þ εit (9) 

The variables in Equation (9) have been defined 
previously. From the translog specification, techni
cal change (TC) can be obtained by taking the first 
derivative of the production frontier with respect to 
time (t), as follows: 

TC ¼
@lnyit

@t
¼ βt þ βttt þ

Xh

j¼1
βjt � lnxj;it (10) 

The first two components of Equation (10) repre
sent neutral technical change, while the last com
ponent captures non-neutral effects. In other 
words, if βjt ¼ 0"j then technical change is neutral; 
otherwise, it is non-neutral.

The partial elasticity of output for input j at time 
t (Eijt) can be obtained on the basis of the estimated 
coefficients of the production frontier, as follows: 

Eijt ¼
@lnyij

@lnxij

¼ βj þ βjj � lnxij þ
X

k�j
βjk � lnxik þ βjtt (11) 

Elasticities of scale can be obtained as the sum of 
the partial output elasticities, i.e. 

P
Eijt.

As is common practice, before estimating the 
production parameters for the translog specifica
tion, the variables are normalized by their respec
tive geometric means (Coelli et al. 2003; 
Kumbhakar and Lien 2010), which allows a direct 
interpretation of the estimated first-order para
meters as partial production elasticities evaluated 
at the sample means of the data. Following Coelli 
et al. (2003), the time trend variable is also normal
ized, but as a deviation from its mean.

Data description

We use an unbalanced panel dataset including 
6,685 observations from 810 farms located in the 
Meuse Region in North-Eastern France over the 
period 1992–2011. These data, obtained from 
a regional accounting office, are very similar to 
those of the European Farm Accountancy Data 
Network (FADN). The farms in the sample are 
mixed farms, meaning that they produce both 
crops and livestock. The dataset includes informa
tion on the farms' production structure, financial 
results, and agricultural subsidies. One aggregate 
output, four inputs, and some contextual variables 
are used to estimate the GTRE model. The aggre
gate output is defined as the value of total produc
tion, crop and livestock, in Euros. The inputs 
consist of the utilized agricultural area (UAA) in 
hectares (ha); the labour used in annual working 
units (AWU), which are full-time yearly equiva
lents (1 AWU corresponds to 2,200 working 
hours); the value of the intermediate inputs in 
Euros, which include crop-specific costs such as 
fertilizers and pesticides, livestock-specific inputs 
such as feed and veterinary fees; and the value of 
total assets in Euros as farm capital, excluding land. 
The contextual variables include (i) total (public) 
subsidy payments received by the farm on a per 
hectare basis (this is our main variable of interest); 
(ii) a dummy variable to account for farm owner
ship type, which equals one in the case of a sole 
proprietorship and zero otherwise (i.e. partner
ships or companies); (iii) indebtedness measured 
as the debt to assets ratio; (iv) a specialization indi
cator, namely the share of livestock output in total 
output; and (v) a time-trend variable.

All monetary values are expressed in 1992 con
stant Euros, using specific price indices from the 
French National Institute of Statistics and 
Economic Studies (INSEE). As mentioned in 
Sipiläinen and Oude Lansink (2005) and Zhu 
et al. (2011), among others, this procedure assumes 
that all farmers face the same prices, and it allows 
for recovering implicit physical quantities for the 
input and output variables measured in value 
terms.

The variables included in the production fron
tier model are chosen based on the related litera
ture (e.g. Bakucs et al. 2010; Bojnec and Latruffe  
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2009; Zhu, Karagiannis, and Oude Lansink 2011). 
The contextual drivers are chosen on the basis of 
their ability to influence farmers’ managerial efforts 
or managerial decisions (Martin and Page 1983), 
and of data availability. Martin and Page (1983) use 
the utility maximization framework and hypothe
size a positive effect of managerial effort on the 
level of production and technical efficiency of the 
firm. Their model concludes that public subsidies 
reduce managerial effort and thus the quality of the 
manager’s management practices, which leads to 
a decrease in technical efficiency. The dummy vari
able for farm ownership type enables us to investi
gate efficiency variation across governance 
structure (see Bakucs et al. 2010; Gorton and 
Davidova 2004). As stated earlier, our dataset cov
ers three periods of reform (or regimes) of the EU 
CAP. As such, a time trend variable is introduced 
to capture the evolution of managerial perfor
mance, i.e. technical inefficiency, over the policy 
regimes.

Summary statistics for the main variables used 
are presented in Table 1. This table indicates that, 
on average, farms in the sample produced 
206,498 Euros of aggregate output and that the 
average UAA is 183 ha. The total labour input 
amounts to 2.3 AWU on average. Intermediate 
inputs and capital stock (excluding land) are 
roughly 191,000 Euros and 254,000 Euros, 
respectively. Subsidy payments average 267 
Euros per ha, while 38% of the farms in the 
sample are sole proprietorships.

IV. Empirical results and discussion

Table 2 shows the estimates of the production 
frontier and the inefficiency function parameters, 
and Table 3 presents the distribution of the esti
mated persistent, transient and overall technical 
efficiency scores.

Table 1. Summary statistics of the main variables used for the 
sample.

Variable Mean Std. Dev.

Output
Total production (Euros) 206,498 125,434
Inputs
Land in terms of UAA (hectares) 183.1 94.7
Labour (AWU) 2.3 1.1
Intermediate inputs (Euros) 191,541 111,525
Capital (excl. land) (Euros) 253,950 156,659
Contextual variables
Total CAP subsidy per hectare (Euros) 267.2 58.2
Sole proprietorship (dummy) 0.38 0.48
Share of livestock output (%) 45.03 23.29
Debt to assets ratio 0.37 0.60
Number of observations 6,685

Table 2. Production frontier parameters and coefficients of 
inefficiency effects for the sample.

Estimated 
parameters

Standard 
errors

Frontier production function
Land 0.223 *** 0.018
Labour 0.039*** 0.014
Intermediate inputs 0.310*** 0.110
Capital 0.065*** 0.031
Land × Land 0.182 *** 0.052
Labour × Labour 0.076*** 0.016
Intermediate inputs × Intermediate 

inputs
0.025 ** 0.012

Capital × Capital 0.219*** 0.072
Land × Labour 0.052 0.095
Land × Intermediate inputs −0.182 *** 0.023
Land × Capital −0.037 0.136
Labour × Intermediate inputs −0.009 ** 0.004
Labour × Capital 0.17*** 0.022
Intermediate Inputs × capital −0.080 0.105
Time 0.09 0.08
Time squared 0.030 *** 0.010
Land × Time −0.027 0.053
Labour × Time −0.005*** 0.001
Intermediate inputs ×Time 0.080*** 0.027
Capital ×Time −0.002** 0.001
Intercept −0.695 *** 0.315
Persistent inefficiency effects
Total CAP subsidy per hectare 0.128 *** 0.050
Sole proprietorship dummy −0.162 *** 0.042
Share of livestock output −0.037*** 0.015
Debt to assets ratio 0.095*** 0.035
Intercept −1.857 *** 0.187
Transient inefficiency effects
Total CAP subsidy per hectare 0.035 *** 0.011
Sole proprietorship dummy −0.224*** 0.067
Share of livestock output −0.029*** 0.001
Debt to assets ratio −0.044*** 0.009
Time trend 0.021 0.017
Intercept −2.39 *** 0.30
Number of observations 6,685

The asterisks *, **, and *** indicate significance at the 10, 5 and 1% levels, 
respectively.

Table 3. Summary statistics of technical efficiency and technical 
change estimates for the sample.

Efficiency Technical change (%)

PTE TTE OTE OTC NTC NNTC

Min 0.49 0.31 0.15 −2.50 −2.33 −0.52
1st quartile 0.82 0.89 0.73 −0.65 −0.51 −0.19
2st quartile 0.87 0.95 0.82 0.38 0.15 0.04
Mean 0.85 0.94 0.80 0.04 0.05 0.07
3rd quartile 0.91 0.96 0.87 0.77 0.49 0.50
Max 0.97 0.99 0.96 1.96 1.35 0.67

PTE: Persistent technical efficiency; TTE: Transient technical efficiency; OTE: 
Overall technical efficiency; OTC: Overall technical change; NTC: Neutral 
technical change; NNTC: Non-neutral technical change.
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Production frontier estimates

The first-order parameters (upper part of Table 2) 
have the expected positive sign, and they are sig
nificant at the 1% level. As previously noted, the 
estimated first-order parameters can be interpreted 
as partial production elasticities at the sample 
means. The bordered Hessian matrix, computed 
at the sample mean, is found to be negative semi- 
definite, implying that the regularity conditions 
(namely, positive and diminishing marginal pro
ducts) are valid at that point in the data.

Figure 1 shows that the sample annual mean 
value for the elasticity of scale is close to one, 
denoting constant returns. The average elasticity 
of scale decreased slightly until 1999 (before 

Agenda 2000) and has stabilized around 1.0, but 
with increasing annual variability.

Figure 2 indicates that the patterns for neutral 
and overall technical change are quite similar, 
implying that for our sample of farms, technical 
progress is driven mainly by the neutral compo
nent. It is interesting to note that technical change 
was regressive (i.e. negative) until 2000 although it 
moved steadily upwards, slowly approaching 0% 
change. Since 2000, the results exhibit technical 
progress (i.e. a positive rate) and at the end of the 
period covered in this study, the rate was close to 
1% per year.

Regarding the pattern of non-neutral technical 
change, Table 2 indicates that the sign of the esti
mated coefficients of the variables ‘Labour × time’, 
‘Capital × time’, and ‘Intermediate inputs × time’ 
are, respectively, negative, negative, and positive. 
This suggests that technical progress tends to 
diminish the use of labour and capital, and to 
increase the use of intermediate inputs. In other 
words, for our sample of French farms, technical 
progress is labour- and capital-saving, and is asso
ciated with an increase in the usage of intermediate 
inputs.

Technical efficiency results

Table 3 shows that the average overall technical 
efficiency is 0.80. This implies that, on average, 
farms in our sample produce 20% below their 

Figure 1. Dynamics of the elasticity of scale.

Figure 2. Dynamics of technical change.
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potential output due to transient and persistent 
technical inefficiency. This result is consistent 
with other studies on technical efficiency in the 
agricultural sector (see Bravo-Ureta et al. 2007). 
The average persistent technical efficiency is 0.85, 
meaning that on average our sample of farms 
produce 15% below their potential output because 
of structural causes of technical inefficiency. 
It can also be seen from Table 3 that transient 
technical efficiency is 0.94 on average; hence, an 
average farm has little potential for production 
improvements (only 6%) in terms of transient 
factors, such as the capacity and skills of farmers 
to handle short-term deviations in the production 
process.

In the same vein, the results (Table 3) indicate 
that persistent technical efficiency is lower than 
transient on average. This suggests that the 
observed overall technical inefficiency is mainly 
due to factors that persist over time and that struc
tural changes might offer good opportunities to 
improve productivity. From a policy point of 
view, these results highlight the importance of 
separating transient from persistent technical effi
ciency, given that they have different implications 
as to how to promote productivity growth.

The histograms in Figure 3 and the technical 
efficiency distributions in Table 3 show that, 
behind the mean technical efficiency, there is 
a large variation across farms. In addition, the 
summary statistics presented in Table 3 show that 
for 25% of the observations, persistent technical 
efficiency scores are below 0.82, and that 75% of 
the observations have scores for this type of effi
ciency below 0.91. The summary statistics by quar
tiles for technical change can be interpreted in 
a similar way.

Explaining technical efficiency

The results concerning the inefficiency effects mod
els are presented in the lower part of Table 2. 
Regarding the effect of the contextual drivers, 
a positive (negative) sign reveals a negative (positive) 
relationship with technical efficiency. The coefficient 
of total subsidies in the persistent inefficiency func
tion is found to be positive and statistically signifi
cant at the 1% level, thus persistent technical 
efficiency decreases with an increase in public sub
sidies (per hectare) received by farms. A possible 
explanation for this finding is that public subsidies 
may encourage sluggish adjustments. This result is 
in line with Matthews (2013a, 1), who argues that 

Figure 3. Distribution of persistent, transient and overall technical efficiency scores in terms of histograms for the sample.
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‘subsidies could slow down the rate at which 
resources are reallocated to more productive use in 
response to new technologies or market conditions’.

We also find that public subsidies are negatively 
associated with farm transient technical efficiency, 
suggesting that the extra income provided by such 
subsidies reduces the managerial efforts of farmers 
(Latruffe et al., 2017; Bojnec and Latruffe 2013; 
Martin and Page 1983; Sipiläinen, Kumbhakar, 
and Lien 2014; Skevas, Oude Lansink, and 
Stefanou 2012; Zhu and Oude Lansink 2010). 
Note that our findings suggest that public subsidies 
are negatively associated with both persistent and 
transient technical efficiency.

The efficiency results suggest that sole proprietor
ship is positively associated with both persistent and 
transient technical efficiency. A possible explanation 
for this result is the self-enforcing incentive of indi
vidual farmers to work more efficiently than workers 
in company farms (Mathijs and Vranken, 2000; 
Gorton and Davidova 20,004). Note, however, that 
there is no clear-cut conclusion in the literature on 
the effect of ownership type on farm performance 
(see Bakucs et al. 2010; Gorton and Davidova 2004).

Indebtedness, measured as the debt to assets ratio, 
is found to be positively associated with persistent 
technical inefficiency. While the effect of indebted
ness on technical efficiency is ambiguous in the 
existing literature (see Davidova and Latruffe, 2007; 
Mugera and Nyambane, 2014), our findings could 
be linked to financial constraints for highly indebted 

farmers. This may slow down the adjustment of 
some production factors, leading to persistent tech
nical inefficiency. In contrast, indebtedness is found 
to be positively associated with transient technical 
efficiency. This could be explained by the fact that 
indebted farmers tend to work more efficiently (in 
their daily management practices) to ensure their 
repayment capacity so as to avoid defaulting on 
debt obligations (Minviel and Sipiläinen, 2018).

Regarding the share of livestock output in total 
output, we find a positive association with both 
persistent and transient technical efficiency. This 
result could be explained by the fact that mixed 
crop-livestock farms oriented towards livestock 
production rely mainly on drivers (such as pas
tures, see Figure A1 in Appendix) associated with 
production practices, implying lower input usage 
for a given level of production than mixed systems 
oriented towards arable crops. As for the time- 
trend variable, no significant effect is found on 
transient technical efficiency. Note that the time- 
trend variable is not considered as a determinant of 
the persistent efficiency model, since persistent 
efficiency is by definition time-invariant.

Finally, Figure 4 depicts the dynamics of average 
annual persistent, transient and overall technical 
efficiency over the period covered by our data, 
which includes various CAP regimes. The figure 
shows that average persistent technical efficiency is 
quite stable over time while average transient and 
overall technical efficiency are more variable. Similar 

Figure 4. Dynamics of average persistent, transient and overall technical efficiency for the sample.
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results can be found in Ayelign and Singh (2019). In 
addition, Figure 4 suggests that there are some 
changes in overall and transient technical efficiency 
with respect to the changes in the CAP regimes. 
According to the regime indicators, persistent tech
nical efficiency was significantly higher in the first 
CAP regime period compared to the two latter ones. 
Note also that the persistent efficiency curve is 
slightly decreasing over the different CAP regimes. 
Similarly, Table 4 shows that the different CAP 
regimes (modelled by the average level of subsidies 
per farm during each CAP regime) are negatively 
associated with persistent efficiency.

V. Concluding remarks

Several papers have analysed the link between agri
cultural policy changes and farm technical effi
ciency. Most of these papers are almost exclusively 
focused on overall technical efficiency measures, 
without distinguishing between transient and per
sistent inefficiencies. While transient inefficiency 
could change over time, even in the absence of 
changes in farm management practices, persistent 
inefficiency can only change through farm restruc
turing. In other words, persistent inefficiency is 
unlikely to vary unless major changes are made to 
drivers, such as public policies, that may affect farm 
management practices. Hence, distinguishing 
between transient and persistent inefficiency enables 
a consistent evaluation of whether changes in 

agricultural policies induce changes in farmers’ pro
duction decisions. This paper contributes to the 
literature by providing one of the first studies to 
analyse the subsidy-efficiency nexus while separat
ing persistent from transient technical efficiency.

Our empirical analyses are conducted using 
unbalanced panel data of 6,685 observations from 
810 French mixed (crop and livestock) farms over 
the period 1992–2011. The results indicate that 
public subsidies positively influence both transient 
and persistent technical inefficiency. The negative 
effects of subsidies on persistent efficiency suggest 
that public subsidies induce sluggish adjustments 
or restructuring in farms’ activities. The subsidy 
effect was negative for each CAP reform period, 
but persistent efficiency was significantly higher 
during the first reform.

Further analyses are needed on more recent data 
to compare findings under different CAP regimes. 
In addition, further research could be carried out to 
disentangle the subsidy effect depending on the 
type of subsidy. In particular, it would be interest
ing to understand whether agri-environmental 
subsidies play a similar role to decoupled subsidies. 
The former are meant to introduce a change in 
farming practices, while the latter are an income 
support instrument that can be received irrespec
tive of farming practices. Furthermore, the work 
presented in this paper could be extended to 
account for different sources of spatial dependence 
among farmers (see Galli, 2023). This is highly 
relevant in the agricultural sector, because spatial 
proximity and unobserved spatial heterogeneity 
may be sources of productivity shock spillovers. 
For instance, unobserved spatial heterogeneity 
can arise from farmers emulating each other 
(Areal et al., 2012; Latruffe et al., 2013).
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Table 4. Parameter estimates for the persistent inefficiency 
model with different specifications for the subsidy variable.

Estimates Standard errors

Estimates with mean of subsidies per farm for the CAP regimes in 
three different regimes

Subsidy per hectare over 1992–1999 0.290*** 0.046
Subsidy per hectare over 2000–2005 0.167*** 0.036
Subsidy per hectare over 2006–2011 0.119* 0.070
Sole proprietorship dummy −0.125*** 0.052
Share of livestock output −0.026*** 0.002
Debt to assets ratio 0.058*** 0.005
Intercept −0.965** 0.177

Estimates with mean of subsidies per farm for the CAP regimes in 
a unique variable

Subsidy per hectare 0.096*** 0.034
Sole proprietorship dummy −0.101** 0.051
Share of livestock output −0.029** 0.014
Debt to assets ratio 0.087*** 0.004
Intercept −0.045*** 0.018
Number of observations 6,685

The asterisks *, **, and *** indicate significance at the 10, 5 and 1% levels, 
respectively.
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Appendix

Figure A1. Sample’s averages of share of livestock output, share of crop output and share of pasture.
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