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Abstract 

In this paper, we contribute to the literature studying the link between public subsidies and 
farm technical efficiency. We firstly provide a critical review of the few and limited existing 
theoretical frameworks to study the issue. We also present the possible methodological 
approaches that could be used but have not been yet applied to the issue. 

We secondly provide a meta-analysis and a meta-regression of the empirical literature, where 
the observed effect sizes and their heterogeneity were modelled and investigated using the 
empirical Bayes meta-analytical framework. Our investigation confirms the generally-found 
negative effect of subsidies on farm technical efficiency, suggesting that public subsidies 
distort farmers’ incentive to produce efficiently. The empirical Bayes estimate of the overall 
effect size indicates that a 1% point increase in the subsidy share in farm income leads to a 
1.65% decrease in the technical efficiency. Results from the meta-regression analysis reveal 
that the overall effect is robust to the method used, the production sector, and the area 
considered. 
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1. - Introduction  

This paper provides the first comprehensive and critical analysis on the relationship between 
public subsidies and farm technical efficiency. It is meant to provide a general overview on 
this issue, including theoretical, methodological, and empirical aspects. This investigation is 
based on two key motivations. First, in the context of reform of the agricultural policy in 
developed countries, the subsidy-efficiency link in the agricultural sector is becoming a 
central question. Second, to date, the impact of public subsidies on technical efficiency is not 
a theoretical and empirical clear cut issue (see Serra et al., 2008; Kumbhakar and Lien 2010; 
Kumbhakar et al., 2012). In fact, while empirical studies provide mixed effects (Hadley, 
2006; Latruffe et al., 2008), the existing theoretical framework is restricted to the limited 
models of Martin and Page (1983) and Serra et al. (2008). These issues constitute a major 
limitation to the validity of the empirical results, and therefore to their inclusion in a decision-
making process. 

Due to the complexity of predicting the exact relationship between public subsidies and 
technical efficiency, Serra et al. (2008), Kumbhakar and Lien (2010), and Zhu and Oude 
Lansink (2010) argue that the investigation is essentially empirical. Several empirical studies 
have investigated the impact of public subsidies on farm technical efficiency as the main 
objective of the paper or while investigating the determinants of technical efficiency (see for 
example Karagiannis and Sarris, 2002; Hadley, 2006; Emvalomatis et al., 2008; Ferjani, 2008; 
Bojnec and Latruffe, 2009; Lambarraa et al., 2009; Zhu and Oude Lansink, 2010; Douarin 
and Latruffe, 2011; Latruffe et al., 2012). Although the general impact is negative, some 
findings are inconclusive. For example, Kumbhakar and Lien (2010) and Kumbhakar et al. 
(2012) found contrasted results for Norwegian grain farms with a similar investigation 
method. Hadley (2006) and Iraizoz et al. (2005) reported contradictory results for the beef 
production sector using a similarly constructed variable and a similar framework. In such case 
of ambiguous findings, it is widespread to perform a meta-analysis (Cooper and Hegdes, 
1994; Cucherat, 1997). The meta-analytical framework enables combining outcomes of 
studies carried out on a particular research question in order to produce an overall finding. 
Further, an extension to standard meta-analysis, referred to as meta-regression analysis, may 
allow the investigation of the heterogeneity meta-analysed studies’ results (Stanley and 
Jarrell, 1989). In this light, this study aims at shedding light on the relationship between 
public subsidies and farm technical efficiency using a meta-analytical framework.  

The remainder of the paper is organised as follows. The next section presents the existing 
theoretical models and their limitations. Section 3 reviews the available methodological 
frameworks. Section 4 describes the meta-analytical process and data. Section 5 presents the 
results, while the last section draws some concluding remarks. 

 

2. – Theoretical challenges 

The literature on efficiency provides two theoretical models to predict the relationship 
between public subsidies and technical efficiency. They are the managerial behaviour model 
introduced by Martin and Page (1983) for the industrial sector, and the static optimisation 
model under risk aversion developed by Serra et al. (2008) for the agricultural sector. The 
managerial behaviour model, as introduced by Martin and Page (1983), uses an optimisation 
framework in which each firm is assumed to have an owner-manager who acts as to maximise 
a strictly concave and twice differentiable utility function with two arguments: the firm profit 
generated by the production process, and the manager’s leisure time. Formally, the managerial 
behaviour model is as follow: 
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	 , , | . , . . 0  [1] 

where ,  denotes the utility function;  is the profit, and  represents the non-labour 
time (the leisure); , .  is a strictly concave and twice differentiable production 
function in which E stands for the total managerial effort, I for a stock of technical 
information and Z for a vector of inputs and their associated prices; P is the output’s market 
price; w denotes the price of the hired management services (M), and S the public subsidies. 

The hired managerial effort is given by	 , where T is the total time available to 
the owner manager. In this model the link between subsidies and efficiency is modelled by 
assuming that the level of firm efficiency depends on the levels of managerial endowment and 
of effort. Taking the total differentials of the first-order conditions relative to equation [1], 
and solving the associated system of equations by Cramer method, Martin and Page (1983) 
highlighted the following comparative statics: 

| | 0 [2] 

| | 0 [3] 

where | | is the determinant of the bordered Hessian matrix,  is the cofactor of the 
component corresponding both to S and N in the bordered Hessian matrix, and  the 
cofactor of the component corresponding both to S and E in the bordered Hessian matrix. 
Equations [2] and [3] indicate that an increase of the public subsidies raises the non-labour 
time and decreases the total managerial effort. 

Consequently, based on the assumption that the level of firm efficiency depends on the levels 
of managerial endowment and of effort, the model predicts an inverse relationship between 
public subsidies and efficiency. 

Originally developed for the industrial sector, the above framework has also been used in the 
literature to explain empirical findings for the agricultural sector. Its strong point is that it 
enables analysing the production process in a multivariate context since it considers a 
managerial framework. Moreover, a managerial framework is in the line of recent 
developments in efficiency analysis which suggest defining inefficiency as managerial failure 
(Badin et al., 2012a). However, one of the main drawbacks of this Martin and Page’s (1983) 
model is that the static framework used does not provide a rigorous analysis of strategic 
management. The model assumes implicitly that the owner-manager maximises the utility 
function in an infinite period, while firms operate naturally in a stochastic dynamic context. A 
further practical issue is that the model ignores the manager’s risk aversion, while for example 
Binswanger (1982) showed that agricultural producers’ risk aversion decreases with their 
revenue level. Moreover, Martin and Page’s (1983) model predicts an inverse relationship 
between subsidies and technical efficiency while some empirical studies find the opposite 
effect. Another disputable point of the model is that the inverse relationship predicted by their 
model relies on one main assumption, namely that an increase in the hired managerial services 
cannot fully compensate for the reduction of the owner-manager’s managerial effort caused 
by the subsidies. This assumption might however not always be appropriate. An interesting 
question for further research would be to assess the level of subsidy which would force 
farmers to hire managerial services. This would involve relaxing Martin and Page’s (1983) 
model main assumption and incorporating financial drivers (as in Bezlepkina et al., 2005; 
Davidova and Latruffe, 2007).  

The only alternative theoretical approach to Martin and Page’s (1983) model is the 
optimisation model developed by Serra et al. (2008). The authors propose a theoretical 
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framework representing farmer’s behaviour under risk and uncertainty. In this framework 
producers are assumed to maximise their expected utility of wealth under profit constraint. 
Using an additive stochastic production function, Serra et al. (2008) formulate the producers’ 
optimisation problem as follows:  

max E U W maxE U W y wx S  [4] 

where U is a continuously differentiable utility function; W denotes farmers’ total wealth 
standardised by output price (p) and W0 farmers’ initial wealth; y is the output; x is the input; 
w is the input price relative to the output price; and S stands for government payments. 

Assuming an additive form, the production function is given by: 

y f x g x ε μ  [5] 

where the function	  represents the production frontier; the function  captures the 
relationship between inputs and output variability; the variable  is an i.i.d. standard normal 
random variable that represents the production uncertainty; the non-negative i.i.d. variable  
stands for the farmers’ technical inefficiency. 

The first-order conditions of equation [4] are given by: 

0 [6] 

Here	  measures the marginal output from input x and  is a measure of the marginal 
contribution of input x to the output’s standard deviation. Taking the expectations and 
dividing by	 , the first-order conditions become:  

0 [7] 

where  denotes the marginal risk premium and	  is an error term measuring the 
allocative inefficiency 

By totally differentiating equation [7] and using comparative statics, the link between public 
subsidies (S) and technical inefficiency (TI) depends on the form of the producers’ risk 
aversion and can be expressed, for a risk decreasing input, as follows:  

								respectively			 			 				 				0 [8] 

under DARA (CARA) [IARA]1 preferences respectively. 

In equation [8] the second term measures the marginal impact of a change in input use on 
technical inefficiency and is expressed as: 

∂TI ∂x⁄ g x f x g x f x f x⁄ u [9] 

If the marginal productivity is assumed to be positive, for a risk decreasing input this term 
will have a negative sign. As for the last term in equation [8] it measures the marginal effect 
of public subsidies on input use and is expressed as: 

⁄ ⁄  [10] 

Note that the denominator of expression [10] is negative given that it is the second order 
condition of the optimisation program. In the numerator  is the risk premium of a 
risk averse producer; thus it is positive. As a result, the sign of ⁄  depends on the sign 
of	 . Under DARA (respectively IARA) 	  is negative (respectively positive) for a 

                                                            
1 DARA: decreasing absolute risk aversion; CARA: constant absolute risk aversion; IARA: increasing absolute 
risk aversion. 
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risk decreasing input. Hence, under DARA ⁄  is negative for a risk decreasing input. 
Consequently, equation [8] indicates a positive (negative) relationship between subsidies and 
technical inefficiency under DARA (IARA) preferences for a risk decreasing input.  

Equation [8] has a fine economic interpretation. Given that the marginal productivity of input 
x is positive and that x is risk decreasing, a decrease in its use is technically and economically 
feasible. However, the producer has no incentive to adopt this efficient strategy if the 
production process is highly subsidised. Thus, in this case, subsidies will increase technical 
inefficiency.  

For a risk increasing input, the sign of 	 ⁄  cannot be predicted given that in equation [8] 
the sign of	 ⁄  is indeterminate. For instance, under DARA preferences, an increase in 
public subsidies will increase the use of a risk increasing input, while the sign of	 ⁄  may 
be positive or negative.  

Serra et al.’s (2008) model presents an apparent advantage over Martin and Page’s (1983) 
model, as it includes risk and uncertainty in the analytical framework. Furthermore, it predicts 
mixed effects, which is consistent with what is observed empirically. However, the model 
does not integrate the production process in a dynamic framework. Another weakness is that 
Serra et al.’s (2008) model is available only for a simple case of single output and a single risk 
decreasing input, while in reality farms operate in a multivariate context. To overcome this 
univariate issue, their model could be extended in a multivariate context where risk averse 
producers would allocate their land according to the production risk, and would alter the path 
of substitution between inputs depending on whether such inputs are risk-increasing or risk-
decreasing. In this case the impact of subsidies on technical efficiency may be positive or 
negative, (i) if the subsidies allow producers to use the inputs in a rational way or not (credit / 
investment), or (ii) if the allocation of subsidies forces producers to adopt (or not) efficient 
strategies. Formally, in a multivariate context equation [8] can be expressed as follows:  

           for each input j [11] 

However, investigating the issue by considering separately each endowment 	  can be very 
complex.  

The above section shows that the economic theory explaining the relationship between public 
subsidies and technical efficiency is limited, and confirms various authors’ claim that at the 
moment the issue is purely empirical. 

 

3. - Methodological issues 

In an applied policy perspective efficiency analysis involves a twofold objective: firstly to 
assess the level of efficiency, and secondly to infer on efficiency variability with respect to 
some external variables, that are environmental or contextual drivers. The external variables 
are neither inputs nor outputs (Simar et al., 1994; Daraio and Simar, 2007b), but relevant 
factors that are uncontrollable by the producers and that may influence the efficiency of the 
production process. Therefore, such variables allow explaining efficiency differentials across 
producers. To investigate the influence of those external factors on efficiency, a two-stage 
approach has been commonly used (Battese and Coelli, 1995; Kumbhakar and Lovell, 2000; 
Simar and Wilson, 2007). The first stage involves computing the (in)efficiency scores, the 
two dominant approaches being the parametric stochastic frontier approach (SFA) and the 
nonparametric approach, such as Data Envelopment Analysis (DEA) or Free Disposal Hull 
(FDH). The second stage consists in regressing the estimated (in)efficiency scores on external 
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drivers. However, recent methodological advances highlight that the two-stage analysis may 
lead to inconsistent results. The first reason is that the two-stage analysis relies on a 
separability condition which states that the input-output set is not influenced by the contextual 
factors (Kumbhakar and Lovell, 2000; Simar and Wilson, 2011). That is, the contextual 
factors affect only the distribution of the (in)efficiency scores, but not the production (cost or 
profit) frontier. The separability assumption is likely to be very strong in many practical 
cases. For instance in the agricultural sector Hennessy (1998) and Serra et al. (2008) showed 
that subsidies may influence input usage. As a result, the two-stage estimation is spurious 
because of misspecification of the first stage. The second reason is that in the SFA framework 
the inefficiency effects are assumed to be identically distributed in the first stage, while the 
second-stage regression contradicts this assumption (Battese and Coelli, 1995). The third 
reason is that in non-parametric methods (DEA, FDH) the efficiency sores are serially 
correlated and the disturbances of the second stage are correlated with the external factors 
because of their omission in the first stage (Badin et al., 2012a). In addition, it is important to 
note that neither the semi-parametric bootstrap-based approach (Simar and Wilson, 2007) nor 
the nonparametric model for the second stage regression (Park et al., 2008) give sufficient 
justification for the use of the two-stage approach (Simar and Wilson, 2011; Badin et al., 
2012b). Works on these shortcomings provide some statistical grounds for the second stage 
but do not conclude whether the separability assumption is not plausible (Daraio et al., 2010; 
Simar and Wilson, 2011; Johnson and Kuosmanen, 2012). Given the failures of the two-stage 
estimation, a single-stage approach estimating simultaneously the frontier, the (in)efficiency 
scores and the influence of the exogenous drivers has been advocated (Kumbhakar et al., 
1991; Huang and Liu, 1994; Battese and Coelli, 1995; Daraio and Simar, 2007b; Badin et al., 
2012b). 

In the SFA the single-stage approach allows the estimation of the production frontier with 
inclusion of the exogenous factors in the inefficiency error term (see Deprins and Simar, 
1989; Kumbhakar et al., 1991; Huang and Liu, 1994; Battese and Coelli, 1995, for details). 
The single-stage model suggested by Huang and Liu (1994), which is a combination of 
Deprins and Simar’s (1989) and Kumbhakar et al.’s (1991) specifications, allows interactions 
between inputs and exogenous variables. Thus, Huang and Liu’s (1994) model enables to test 
whether exogenous variables are neutral with respect to input usage. Formally, for a 
production process which combines inputs ∈  to produce outputs ∈  given 
contextual-environmental conditions	 ∈ , the stochastic frontier model proposed by 
Huang and Liu (1994) can be presented as follows for each i-th decision-making unit:  

ln ln ;  [12] 

g , ;  [13] 

where  denotes a normally distributed error term with a zero mean and variance	 ;  is a 
random variable that captures the inefficiency effect and follows a truncated normal 
distribution;  and  are parameters to be estimated,  is an error term related to the 
unexplained inefficiency; f and g denotes functional forms.  

However, as pointed out by Simar et al. (1994), Caudill et al. (1995), Hadri (1999) and 
Kumbhakar and Lovell (2000), this framework may lead to biased estimates because the one-
sided disturbance is potentially heteroskedastic. That is, the distribution of the one-sided 
disturbance may reflect producer-specific effects. On the other hand, given the non-negative 
nature of the one-sided disturbance, statistically the additive form exp  used 
by Huang and Liu (1994) requires that exp . As a result, the terms  are not 
independently and identically distributed. Thus, the authors suggest fitting a more general 
model accounting for heteroskedasticity and for the exogenous influence on efficiency. 
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Specifically, they advocate modelling the variance of the pre-truncated distribution using 
multiplicative heteroskedasticity, that is a scale transformation. Formally, they suggest 
associating the inefficiency effect  with the external variables as follows: 

~ ;  [14] 

exp .  [15] 

where  is i.i.d., with 0, 1 and , implying that 0 with 
	exp , and 2 . . 

If the vector of external factors, zi, includes an intercept (Caudill et al., 1995), the stochastic 
frontier model accounting for exogenous influence on efficiency and heteroskedasticity leads 
to the following specification: 

ln ln ; , [16] 

~ 0; , [17] 

~ ; , [18] 

exp ,	 [19] 

exp . [20] 

where  denotes the output; 	is a vector of inputs;  is a normally distributed error term 
with zero mean and variance	 ; is the inefficiency error term which follows a truncated 
normal distribution with mean  and variance ; vector  represents the external variables 
related to inefficiency; and	 ,  and  are parameters to be estimated. 

One can note, in addition, that Hadri (1999) argue that one might also expect 
heteroskedasticity in the idiosyncratic term. 

In a more rigorous applied policy view, Wang (2002) proposes a flexible parameterisation 
which allows for non-monotonic efficiency effects. That is, an analytical framework 
accounting for the fact that, relative to its scale, a given variable may be both efficiency-
enhancing and efficiency-impeding within a sample. To investigate the non-monotonicity 
effect, Wang (2002) suggests computing the marginal effect of the external variables on 

 and/or  as the sum of adjusted regression slopes from [19] and [20], using the 
first two moments of . For instance, the marginal effect of the external variable  on 

 is given by: 

1 Λ 1 Λ  [21] 

where	Λ ⁄ ;  and Φ are the probability and, respectively, cumulative density functions 
of a standard normal distribution. 

This framework allows the modelling of external influence on both μ  and σ . One interesting 
feature of this framework is that it is consistent with the ideas developed by Serra et al. (2008) 
and Hennessy (1998). However, one should be cautious in its implementation because the 
SFA relies on restrictive assumptions for the production frontier and for the stochastic process 
of the one-sided inefficiency term (Simar and Zelenyuk, 2011). 

An alternative approach for incorporating exogenous factors in efficiency analysis is the non-
parametric conditional efficiency framework. This framework involves a probabilistic 
approach for the efficiency analysis, in the line of the FDH model. The use of the FDH 
framework, rather than the DEA estimator, is motivated by its flexibility (Aragon et al., 2005; 
Daouia and Simar, 2007). The major advantage of the non-parametric framework is that it 
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does not impose restrictive assumptions on the model. The conditional efficiency framework 
introduced by Daraio and Simar (2005; 2007a) extends the probabilistic approach (Cazals et 
al., 2002) in a fully multivariate conditional order-m frontier. In this context, the conditional 
efficiency approach can be summarised as follows. For a production process which combines 
inputs ∈  to produce outputs ∈  given contextual-environmental conditions	 ∈

, the data generating process (DGP) is characterised by the following conditional 
probability (Daraio and Simar, 2005): 

, | , | , |  [22] 

where , | , |  gives the probability for a unit operating at input and output levels 
,  to be dominated, i.e., that another unit may produce as much output using no more 

input. The support of this probability is the feasible production set, denoted	 . The variables 
, ,  are observations on the random variables , , . 

For an input orientation, the decomposition of this joint distribution, using Bayesian 
formalism, leads to: 

, | , | | , |  [23] 

, | , | | , | , | |  [24] 

This probability has a cumulative distribution form for X and a survival form for Y (Daraio 
and Simar, 2005). In this respect, 	 | |  denotes the conditional survival function of Y. 
An input oriented conditional full-frontier efficiency score, with	 | | 0, is given by: 

, | | , | , | 0 | | , | , 0  [25] 

The full-frontier estimates are highly sensitive to outliers and measurement errors (Cazals et 
al., 2002; Daouia and Simar, 2007). To overcome this issue, recent advances in non-
parametric efficiency analysis propose the so-called robust (or partial) frontier framework. 
This framework consists of a probabilistic approach which extends the FDH setup in allowing 
super-efficient units to be located beyond an order-m frontier (Cazals et al., 2002; Daraio and 
Simar, 2005, 2007a, 2007b), or beyond an order-	  frontier (Aragon et al., 2005; Daouia and 
Simar, 2007; Daraio and Simar, 2007b). 

For a unit	 ,  the input order-m frontier is defined as the expected minimum level of input 
achievable among m peers drawn from the subset of units producing at least the output level 
of y. For the same unit the order-	  frontier uses as benchmark the 100 th percentile of 
units producing at least the output level of y with minimal input consumption. Thus, the 
conditional order-m input efficiency can be formally defined as: 

, | | , , | ,  [26] 

where , | , ∈ ; and  represents the subset of the m units 
drawn relative to the distribution | , | , . 

Similarly, for any ∈ 0,1  Douia and Simar (2007) define the conditional order-	  input 
efficiency as follows:2 

, | | | , | , 1  [27] 

                                                            
2 For algorithmic details relating to equations [25-27], see Daraio and Simar (2005, 2007a, 2007b) and Daouia 
and Simar (2007). 
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To assess the influence of contextual variables on efficiency, Daraio and Simar (2005) and 
Daouia and Simar (2007) suggest comparing the conditional efficiency with the unconditional 
efficiency. Specifically, the authors propose a non-parametric regression model, specified as 
follows: 

 [28] 

For instance, in the case of the robust order-m input efficiency:	 , , | /

, , ;  is an error term with | 0; and .  is the mean regression function, 
since | . The function .  is commonly assumed to be a smooth function 
and can be estimated through a scatterplot smoother. However, it is difficult to visualise and 
interpret the non-parametric regression when there are more than two explanatory variables. 
To circumvent this issue the generalised additive models (GAM), developed by Hastie and 
Tibshirani (1986, 1990), can be used. This family of models provides flexible statistical 
methods for investigating non-monotonic relationships without any restrictive assumptions 
(Guisan et al., 2002). In the line of Daraio and Simar (2005), a GAM with interactive 
predictors can be expressed as: 

| , ⋯  [29] 

In conclusion one can note that the recent developments in the analysis of the impact of 
contextual variables on technical efficiency, presented above, have not been applied yet to the 
impact of farm subsidies and remain to be addressed. The studies used in the meta-analysis 
presented in what follows involve the simple approaches of single-stage SFA or two-stage 
analysis with DEA followed by an econometric regression. 

 

4. – Meta-analytical process: data and methodology 

4.1. - Data description 

The data used in the subsequent analysis are collected from a systematic review of studies 
addressing the issue of the links between public subsidies and technical efficiency in the 
agricultural sector. The search of papers on this issue was conducted through the main 
computerised databases such as Econlit, Web of Science (WoS), Web of Knowledge (WoK), 
JSTOR, Econpapers, Science Direct, RepEc (IDEAS) and Google Scholar, combining in 
several search formulae the following keywords: on the one hand ‘subsidies’ or ‘support’, 
alone and with ‘public’, ‘government’, ‘CAP’ for Common Agricultural Policy, ‘Single Farm 
Payment’, ‘pillar 1’, ‘pillar 2’, ‘agricultural’, ‘EU’ for European Union, ‘farm bill’, and on the 
other hand ‘efficiency’, technical efficiency’, ‘economic efficiency’, ‘farm efficiency’, 
‘productive efficiency’, ‘farm performance’ and ‘economic performance’. This literature 
search was completed by exploring the reference lists of the papers obtained through the 
databases’ search. Published and unpublished studies are included in the meta-analysis if they 
provide sufficient information on the data used, the estimated effect, and their analytical 
method. 

The basic dataset generated contains more than a hundred of independent estimated models 
reported in 25 empirical studies over the period 1982 to 2013 (listed in Table 1). For a given 
empirical study, the independence of estimated models is assumed if they consist of 
estimations for different countries, or different regions or different production sectors. In the 
existing literature various impact variables are used, that is to say variables proxying the 
extent of farm subsidisation (absolute level of subsidies, subsidies per hectare, etc). The most 
commonly used impact variable is the subsidy rate, i.e, the ratio between total subsidies 
received and farm net income. In order to have as many observations as possible for the meta-
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analysis, we performed the analysis on this impact variable. This reduces our meta-dataset to 
46 estimated models extracted from 16 empirical studies over the period 1982 to 2013. The 16 
studies are the following: Bakucs et al. (2010), Bojnec and Latruffe (2009 and 2013), Ferjani 
(2008), Fogarasi and Latruffe (2009), Gaspar et al. (2007), Giannakas et al. (2001), Guyomard 
et al. (2006), Hadley (2006), Iraizoz et al. (2005), Kumbhakar et al. (2012), Lambarraa and 
Kallas (2009), Latruffe et al. (2012 and 2013), Nastis et al. (2012), Zhu and Oude Lansink 
(2010), Zhu et al. (2011), Zhu et al.(2012). 

In the present study the effect size, that is to say the measure of the magnitude and the 
direction of the relationship between subsidies and farm technical efficiency, is a regression 
slope. However, in meta-analytical practice the use of regression coefficients as effect size is 
relatively complex. This is due to the fact that the slope coefficients are not typically 
equivalent. For instance, they vary with the covariates, analytical methods, distribution and 
scale of the regressors (Becker and Wu, 2007; Cooper, 2010). To overcome this issue, Stanley 
and Jarell (1989) suggest the use of t-values as effect size, arguing that the t-value is a 
standardised measurement of the focal parameter and that it enables to handle the 
heteroskedasticity problem. This approach has however been criticised by Becker and Wu 
(2007) on the basis that t-values are not estimates of the parameters. Thus, following several 
works (Cohen and Cohen, 1983, Pedhazur, 1997, and Keef and Roberts, 2004), Aloe and 
Becker (2011) suggested the use of indices of semi-partial slopes. This metric represents the 
unique effect of a focal regressor on a dependent variable. More precisely, it is the correlation 
between the dependent variable and the part of the focal regressor that is not correlated with 
other regressors. This index seems relatively intuitive, but it is not possible to use it in the 
present study because it is calculated from the	 , which is rarely provided in the existing 
empirical studies. Other indices of slope have been proposed (see Becker and Wu, 2007), but 
they cannot be used easily because they are computed from complete variance-covariance 
matrices that are rarely reported in the literature. Due to these difficulties the choice has been 
made to use here the empirical Bayes estimator for resampling on the true effect sizes. In 
addition, following Bravo-Ureta et al. (2007), we introduce in the meta-regression a control 
variable defined as the ratio between the number of regressors and the sample size of the 
primary studies. 

 

Table 1. Overview of the studies on the links between subsidies and farm technical 
efficiency 

First author 
of the study 

Study 
period  

Location of 
the sample 
studied  

Production 
sector 

Sample 
size 

Impact variable 
used  

Effect of 
impact 
variable  

Studies using two-stage estimation (with DEA and regression)
Bojnec  2004-2006 Slovenia Crop, livestock 1784 Subsidy rate - 
Boussemart 2005-2008 France Crop  3337 Subsidy per ha + 
Charyulu 2009 India Crop 46 Dummy 0 
Desjeux 1990-2006 France Crop 32781 Subsidy per ha - 
Desjeux 1990-2006 France Dairy 20410 Subsidy per ha - 
Desjeux 1990-2006 France Beef cattle  10003 Subsidy per ha - 
Ferjani  1990-2001 Swiss/Valley  Crop, livestock 12426 Subsidy rate - 
Ferjani  1990-2001 Swiss/Hill  Crop, livestock 6968 Subsidy rate - 
Ferjani  1990-2001 Swiss/Mount. Crop, livestock 3713 Subsidy rate - 
Fogarasi 2001-2004 France Dairy 2716 Subsidy rate - 
Fogarasi 2001-2004 Hungary Dairy 128 Subsidy rate - 
Fogarasi 2001-2004 France Crop 3644 Subsidy rate - 
Fogarasi 2001-2004 Hungary Dairy 1112 Subsidy rate - 
Fousekis  2009 Greece  Sheep 101 Subsidy rate - 
Gaspar  2004-2005 Spain  Livestock, crop  69 Subsidy rate - 
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Guyomard  1995-2002 France  Crop  5800 Subsidy rate - 
Guyomard  1995-2002 France  Beef   816 Subsidy rate - 
Guyomard  1995-2002 France  Dairy  2144 Subsidy rate - 
Lambert  1995-2001 USA  Crop  378 Total subsidies 0 
Latruffe  2001 Hungary  Livestock 192 Subsidy rate - 
Latruffe  2005 Romania  Crop  319 Subsidy per ha + 
Li 2010 China Crop 99 Subsidy per ha 0 
Nastis  2008 Greece Alfalfa  40 Subsidy rate - 
Sedik  1991-1995 Russia  Crop  / Subsidy rate - 
Skevas  2003-2007 Netherlands  Crop  703 Total subsidies - 
Studies using one-stage parametric estimation (with SFA)
Areal  2000-2005 England  Dairy  25000 Dummy - 
Bakucs 2001-2005 Hungary Crop, livestock 3210 Subsidy rate  - 
Bojnec 1994-2003 Slovenia Crop, livestock 130 Subsidy rate - 
Brümmer  19987-1994 Germany Dairy 5093 Dummy - 
Caroll  1996-2006 Ireland  Dairy  3593 Dummy - 
Caroll  1996-2006 Ireland  Cattle rearing 2087 Dummy 0 
Caroll  1996-2006 Ireland  Cattle finishing  2164 Dummy 0 
Caroll  1996-2006 Ireland  Sheep 890 Dummy 0 
Caroll  1996-2006 Ireland  Cereals  1016 Dummy 0 
Chidmi 2004-2008 USA Dairy 1151 Total subsidies + 
Dinar  1996 Greece  Crop, livestock 265 Total subsidies 0 
Dung  2009-2010 India  Crop  362 Total subsidies - 
Emvalomatis  1996-2000 Greece  Crop  3614 Comp. payment  - 
Emvalomatis  1996-2000 Greece  Cotton  1117 Comp. payment  - 
Giannakas  19987-1995 Canada Wheat  100 Subsidy rate - 
Hadley  1982-2002 England  Cereals 4772 Subsidy rate 
Hadley  1982-2002 England  Dairy 10597 Subsidy rate + 
Hadley  1982-2002 England  Sheep 4765 Subsidy rate - 
Hadley  1982-2002 England  Beef 2846 Subsidy rate + 
Hadley  1982-2002 England  Poultry  578 Subsidy rate 0 
Hadley  1982-2002 England  Pig  1459 Subsidy rate 0 
Hadley  1982-2002 England  Other crop  6461 Subsidy rate - 
Hadley  1982-2002 England  Mixed farm 7435 Subsidy rate - 
Iraizoz  1989-1999 Spain  Livestock  2594 Subsidy rate - 
Karagiannis  1991-1995 Greece Tobacco  1481 Total subsidies - 
Karagiannis  1991-1995 Greece Wheat / Total subsidies - 
Karagiannis  1991-1995 Greece Mixed crop / Total subsidies - 
Karagiannis  1991-1995 Greece Cotton  / Total subsidies - 
Karagiannis  1991-1995 Greece Olive  / Total subsidies - 
Karagiannis  1991-1995 Greece Fruits  / Total subsidies - 
Karagiannis  1991-1995 Greece Vegetables  / Total subsidies - 
Karagiannis  1991-1995 Greece Horticulture  / Total subsidies - 
Karagiannis  1989-1992 Greece Sheep  178 Total subsidies 0 
Kroupova 2004-2008 Czech Rep.  Crop  715 Subsidy per ha - 
Kumbhakar  1991-2006 Norway  Grain  1512 Total subsidies + 
Kumbhakar  2004-2008 Norway  Grain  687 Subsidy rate - 
Lachaal  1972-1992 USA  Dairy  / Total subsidies - 
Lakner  1995-2005 Germany  Milk  1348 Agri-env. subsidy  - 
Lambarraa 2000-2004 Spain  Olive  315 Subsidy rate - 
Lambarraa 1995-2003 Spain  COP  9852 Dummy - 
Latruffe  2000-2004 Czech Rep. Dairy  431 Total subsidies - 
Latruffe 1990-2007 Belgium  Dairy 5017 Subsidy rate - 
Latruffe 1990-2007 Denmark   Dairy 8004 Subsidy rate - 
Latruffe 1990-2007 France  Dairy 21514 Subsidy rate - 
Latruffe 1990-2007 Germany  Dairy 30085 Subsidy rate - 
Latruffe 1990-2007 Ireland   Dairy 7578 Subsidy rate - 
Latruffe 1990-2007 Italy  Dairy 32120 Subsidy rate - 
Latruffe 1990-2007 Luxembourg  Dairy 3821 Subsidy rate - 
Latruffe 1990-2007 Netherlands   Dairy 5017 Subsidy rate - 
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Latruffe 1990-2007 Portugal   Dairy 9040 Subsidy rate - 
Latruffe 1990-2007 Spain  Dairy 22642 Subsidy rate - 
Latruffe 1990-2007 UK  Dairy 13119 Subsidy rate - 
Malá  2004-2008 Czech Rep. Crop  390 Subsidy per ha - 
McCloud 1997-2003 Denmark  Dairy  2709 Total subsidies + 
McCloud 1997-2003 Finland  Dairy  1844 Total subsidies + 
McCloud 1997-2003 Sweden  Dairy  2053 Total subsidies + 
Piesse  1985-1991 Hungary  Grain  819 Total subsidies - 
Rezitis  1993-1997 Greece Crop, livestock  482 Total subsidies - 
Sauer  2002-2004 Denmark Milk farm  168 Organic subsidies + 
Serra  1998-2001 USA Crop  2196 Total subsidies - 
Sotnikov  1990-1995 Russia  Crop, livestock 450 Output subsidy - 
Thian  1983-1996 China  Indica rice  346 Investment subs. + 
Thian  1983-1996 China  Japonica rice  224 Investment subs. 0 
Thian  1983-1996 China Wheat 335 Investment subs. + 
Thian  1983-1996 China  Corn   288 Investment subs. + 
Zaeske  1985-2005 USA Crop  240 Total subsidies + 
Zhu    1995-2004 Germany Milk  12458 Subsidy rate - 
Zhu    1995-2004 Netherlands Milk  3223 Subsidy rate - 
Zhu    1995-2004 Sweden  Milk  3341 Subsidy rate - 
Zhu    1995-2004 Germany COP 4755 Subsidy rate - 
Zhu    1995-2004 Netherlands COP 1966 Subsidy rate - 
Zhu    1995-2004 Sweden COP 1009 Subsidy rate - 
Zhu    1995-2004 Greece Olive  2492 Subsidy rate - 
Studies using correlation or comparative analysis
Douarin  2001-2002 Lithuania  Crop  147 Subsidy per acre - 
Galanopoulos  2011 Greece Sheep, Goat 106 Total subsidies + 
Gaspar  2004-2005 Spain  Livestock  69 Total subsidies - 
Kleinhanss 1999;2000 Spain  Pig  255;249 Total subsidies + 
Kleinhanss 1999;2000 Spain  Cattle   1435;1543 Total subsidies + 
Kleinhanss 1999;2000 Spain  Sheep and goats   553;679 Total subsidies + 
Kleinhanss 1999;2000 Germany   Pig  355;355 Total subsidies + 
Kleinhanss 1999;2000 Germany  Cattle   604;604 Total subsidies + 
Quero  2002 Spain  Beef  50 Subsidy rate - 
Taylor  1982 Brazil  Crop  433 Credit subsidies  0 
Notes: COP: cereal, oilseeds and proteinseeds. ha: hectare. Dummy: the impact variable is a dummy equal to 1 if 
the farm receives some subsidies and 0 if not. Studies listed in the table appear in the reference list with two 
asterisks before the first author’s name. 

The overview of the empirical studies on the relationship between public subsidies and farm 
technical efficiency provided in table 1 highlights that the most common finding on this issue 
is an inverse relationship. Among the 110 models identified in the literature, 76 of them report 
that public subsidies impact negatively farm technical efficiency. As explained in the previous 
section, the most common explanation provided in the literature for this inverse relationship is 
that higher shares of income stemming from subsidies reduce farmer’s motivation and 
managerial effort to produce efficiently (based on Martin and Page’s model, 1983). If this sole 
explanation held, then one might expect that the sign of the impact may depend on the level of 
subsidisation in the sample considered, and in particular the sign of the effect may be 
expected to be negative for high levels of subsidisation. However, among studies in which the 
subsidy rate is on average similar, a negative impact and a positive impact of support on 
technical efficiency may be found (see for e.g., for Norwegian grain farms, Kumbhakar and 
Lien, 2010, and Kumbhakar et al., 2012). Furthermore, Bojnec and Latruffe (2009) reported a 
negative impact for a subsidy rate of 0.03 for Slovenian crop and livestock farms, while 
McCloud and Kumbhakar (2008) found a positive impact for a subsidy rate of 0.09 for Danish 
dairy farms. One can also note that contradictory results are found for a given production 
sector with similar constructed variable (see for e.g., Hadley, 2006 and Iraizoz et al., 2005, for 
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the beef production sector). In addition, as evidenced by Karagiannis and Sarris (2002), the 
causality effect may not be so straightforward. For instance, farmers in less favoured areas 
may be less efficient independently of their production strategies. Consequently, they depend 
on government payments to support production for the continuation of farming in those areas, 
and for this reason a negative link between support and efficiency may be evidenced. 

These empirical issues confirm that the subsidy-efficiency relationship is far from clear cut. 
We suggest here that key drivers not evoked in the literature may help explain the subsidy-
efficiency link. One driver is the breakeven point of the farms. The idea would be that, rather 
than the relative level of subsidy (i.e. the subsidy rate), the absolute level of subsidies is 
important: if subsidies are equal to or greater than farm breakeven, they can allow farmers to 
cover all production costs. In this case, farmers may have no incentive to adopt efficient 
production strategies. Moreover, even though the indebtedness-efficiency link is also 
ambiguous (see for example Davidova and Latruffe, 2007), another key driver for capturing 
the effect of subsidies on farm efficiency may be the subsidy to debt ratio. Similarly to the 
breakeven point, the subsidy to debt ratio may reveal farmers’ motivations. 

4.2. - Statistical basis of meta-analysis 

Pooling method  

Generally, the meta-analysis is a two-step procedure. In the first stage an overall fixed or 
random effect size is estimated from primary studies, and in the second stage the 
heterogeneity of the effect sizes is investigated with a regression. A fixed-effect meta-analysis 
estimates a unique (true) effect size assuming that all primary studies are drawn from a unique 
superpopulation, and thus assumes a common effect. Conversely, the random-effect meta-
analysis estimates the mean of a distribution of true effects, assuming that there are several 
true effects that vary across studies. Borenstein et al. (2009) argue that the random-effect 
meta-analysis is generally more intuitive, unless there are plausible reasons for the ‘only true 
effect’ hypothesis. In the case of the subsidy-efficiency relationship, we may expect that the 
effect size may be specific to the farm type or the subsidy type considered. Given these 
considerations, a random-effect meta-analysis is performed here. Within this framework the 
overall effect is a weighted mean, where the weights are given by the within-study and the 
between-study variances of the individual effects. 

Formally, for a study sample of K empirical studies, let’s assume that there are several true 
effect sizes 		  (for i=1,...,K) with between-study variance	 , and that these true effect sizes 
are normally distributed around a mean effect	 . More precisely, the true effect sizes  are 
assumed to be drawn from superpopulations of effect sizes with mean  and variance	 . In a 
Bayesian context,  and 	  represent the hyperparameters of the effect sizes distribution. In 
frequentist inference, the individual effects observed (	  with variance ), estimated from 
the primary studies’ samples of n observations, are such that:  

| ∼ , 											where			 ∼ , 		and		 	  [30] 

More precisely: 

y ∼ N θ, σ τ 		 31 	

The maximum likelihood estimator (MLE) of  is given by:  

θ
∑

∑
												with		w

	
	 32 	

The most common methods proposed for estimating the true variance 	  include the 
moment estimator of DerSimonian and Laird (1986), the restricted maximum likelihood 
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(REML) estimator, and Bayesian approaches (Normand, 1999; Harbord and Higgins, 2008). 
When the number of observations is limited (as it is the case in our study), the use of Bayesian 
methods to perform a random-effect meta-analysis is advised (Thompson and Sharp, 1999). A 
major advantage of the Bayesian analysis is that it involves consistent results under finite 
sample. Nevertheless, the use of a fully Bayesian framework is often a challenge, relative to 
the choice of the prior distribution. This choice is crucial since the posterior distribution is 
sensitive to the prior. Other disadvantages include the risk of subjectivity of the prior, and 
inflated estimates when 	  is close to zero (Thompson and Sharp, 1999). An alternative 
approach for dealing with these issues is the empirical Bayes method (Moris, 1983). The 
method approximates the Bayes rule by estimating the prior from the observed data. Thus, the 
basic distinction between the empirical Bayes and the full Bayes estimator is that the former 
uses the marginal distribution of the observed data to estimate the prior (Lamm-Tennant et al., 
1992). Given its practical aspect, the empirical Bayes framework is adopted in this study.  

The computation of the empirical Bayes estimator is carried out through a two-stage 
procedure. In a first stage the marginal distribution of the observed effect sizes	  is used to 
obtain the REML estimate of 	  and	 . In a second stage a Markov Chain Monte Carlo 
(MCMC) algorithm is used to sample from the REML3 estimates, in order to approximate the 
possible true effect sizes and their variance. The estimation procedure can be summarised as 
follows. 

Using the marginal distribution of the observed effect sizes	 , the log-likelihood to be 
maximised can be expressed by: 

log	 | , ∝ ∑ 	
	

	  [33] 

The REML estimator of 	  and  is given by: 

∑

∑
,							with									

∑

∑
	 [34] 

∑ ∗

∑ ∗ ,				with			
∗  [35] 

For Bayesian inference, the posterior distribution of true effects  is given by their 
conditional distribution on the observed effect sizes	  and the hyperparameters  and	 : 

| , , ∼ 1 , 1 	 [36] 

where 	, defined as , is a shrinkage factor. 

The empirical Bayes approximation for 	  is obtained by substituting the REML estimates for 
the hyperparameters in [18]: 

, ∼ 1 , 1  [37] 

Heterogeneity test 

The heterogeneity test allows quantifying the level of heterogeneity of the true effects. A 
classical heterogeneity test consists in the computation of the Cochran Q-statistic which is a 
standardised metric of the total variance of the observed effects: 

                                                            
3 Unlike the standard maximum likelihood estimator (MLE), the REML estimator accounts for the degrees of 
freedom in the estimation, and avoids biased estimates (Harbord and Higgins, 2008). The REML method uses 
the estimates of the moment method (assimilated to as maximum likelihood estimates) as starting values.  
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∑
∑

∑
 [38] 

The Q-statistic follows a Chi-square distribution with K-1 degrees of freedom, where K is the 
number of studies that are included in meta-analysis. The significance of Q indicates that the 
true effects are heterogeneous. However, Higgins et al. (2003) showed that the total variance 
measured by Q is partially spurious because it contains both the real between-study variance 
and the variance due to sampling error. In addition, Borenstein et al. (2009) argued that the Q-
statistic is inconsistent in the case of small meta-analysis and/or high within-study variance. 
Higgins et al. (2003) propose an I-square  statistic that indicates the percentage of the 
variation due to heterogeneity, and suggest to investigate possible sources of the heterogeneity 
if  is greater than zero. The  statistic is given by:   

∑
 [39] 

Bias analysis 

One important potential bias in meta-analysis is publication bias, which refers to the fact that 
studies that are more likely to be submitted, published and cited are those where results are 
significant and interesting (Coursol and Wagner, 1986; Hedges, 1992; Begg, 1994; Dickersin, 
2005). In addition, it is has been documented that certain studies remain in drawers because of 
theoretical or ideological divergences, or conflicts of interest between researchers (Sterling, 
1959; Mahoney, 1977). Therefore, meta-analyses based only on published literature may be 
biased. Given this and as recommended in the above articles, we introduce some unpublished 
studies in our meta-analysis. Further, we investigate the presence of publication bias using the 
funnel-plot analytical framework. This framework includes the funnel asymmetry test (FAT) 
(Egger et al., 1997), the contour-enhanced funnel plot (Palmer, et al. 2008), and the trim and 
fill method (Duval and Tweedie, 2000a and 2000b). 

Funnel plots consist of scatter plots commonly used for diagnosing publication and other bias 
in meta-analysis (Sterne et al., 2005). The funnel-plot shows the effect sizes (x-axis) as a 
function of their standard error (y-axis). Results from larger studies are spread tightly at the 
top of the graph, while those from small studies scatter widely at the bottom. In the absence of 
publication bias, the effect sizes are distributed symmetrically around the pooled estimate. 
Therefore, an asymmetrical plot suggests publication bias, that is, studies without significant 
results may be missing. However, asymmetry of the funnel plots may also be due to other 
reasons (Sterne and Harbord, 2004; Palmer al., 2008). For instance, asymmetry may result 
from heterogeneity caused by methodological aspects (Sterne et al., 2008). That is why, it is 
recommended to investigate formally the funnel-plot asymmetry using statistical tests; or to 
examine the heterogeneity of the results using meta-regression (Thompson and Sharp, 1999).  

The FAT consists of a test based on the null hypothesis that there is no linear association 
between the effect sizes and their standard error. This test is also referred to as ‘test of small 
study effects’, that is, the tendency of smaller studies to provide results which are different 
from those provided by larger studies (Sterne et al., 2000). The contour-enhanced funnel plot 
involves inclusion of contours of statistical significance into the standard funnel plot (Peters et 
al., 2008; Palmer et al., 2008). In such a plot, missing studies in low statistical significance 
area suggest that asymmetry may be caused by publication bias. The trim and fill method is a 
Bayesian approach that allows examining the sensibility of the overall effect, relative to the 
missing studies. More precisely, this method provides the estimation of the number of missing 
studies by trimming the smaller studies, and adjusts the overall effect by filling the funnel plot 
with the estimated studies. 

4.3. - Meta-regression  



16 
 

Meta-regression is an extension to standard meta-analysis and is used to explore the possible 
sources of observed heterogeneity in the effect sizes. In this way the meta-modelling allows 
the examination of the influence of specific covariates (also called moderating factors) on the 
overall effect size. As mentioned above, the random-effect meta-regression is the most 
appropriate approach to explore the observed heterogeneity in effect sizes. The random-effect 
model can be expressed as follows: 

∼ ,  [40] 

where  denotes the observed effect sizes;  are the moderating factors; ∼ 0,  is a 
random error due to within-study variability	 ; and ∼ 0, 		is a random error due to 
between-study variability	 . Following Bravo-Ureta et al. (2007), we assume that the 
magnitude and the sign of the impact of public subsidies on technical efficiency vary with 
primary studies’ characteristics, including the study’s sample size, the number of covariates 
used to explain technical efficiency and the analytical method employed to investigate the 
impact. We expect in addition that the heterogeneity of the observed effect sizes can be 
explained by other moderating factors such as the type of production sector considered in the 
primary studies. The minimal level of managerial effort required may differ across production 
sectors. Also, as livestock farmers cannot afford to lose their production capacity (animals) 
even if they are subsidised, we could expect a lower negative effect of subsidies on livestock 
farms’ efficiency compared to crop farms’ efficiency. Another moderating factor may be the 
geopolitical location of the farms in the sample used in the primary studies, as incentives and 
room for manoeuvre may be different depending on the farm location. In summary, the 
moderating factors tested in this study consist in the following variables: varsize, a control 
variable defined as the ratio between the number of regressors and the number of observations 
in primary studies; method, a dummy variable equal to one for semi-parametric estimation 
(that is to say DEA computation of efficiency scores in a first stage and regression in a second 
stage) and zero for SFA; livestock, a dummy variable equal to one for studies on livestock 
farms and zero otherwise; single-prod, a dummy variable equal to one for studies on single-
production farms (as opposed to mixed farms) and zero otherwise; and EU-area, a dummy 
variable equal to one for studies on EU countries and zero otherwise. 

To deal with the small meta-regression effect (finite sample inconsistency), we estimate the 
meta-model using the empirical Bayes estimator. The algorithm of the estimation is a two-
step procedure similar to the pooling method described above. In the first stage we estimate 
the between-study variance	  of the true effect sizes. In the second stage the coefficients (  

are estimated using a weighting matrix defined as 	 . Knapp and Hartung 
(2003), supported by Higgins and Thompson (2004), propose a procedure that produces more 
robust estimators than the standard approach. The procedure is an adjustment to the usual 
variance of the regressors by multiplying them by a quadratic index q, defined as: 

∑
	

; 1  [41] 

where n-K denotes the degrees of freedom used. 

 

5. - Results  

The estimated bias coefficient of Egger’s test provides strong evidence for small-study 
effects, and thus possible presence of publication bias. However, the trim-and-fill method, and 
the contour-enhanced funnel plot (Figure 1) indicate that the hypothesis of publication bias is 
not plausible. The trim-and-fill method shows that no studies are needed to be filled. The 
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contour-enhanced funnel plot suggests that studies are likely to be missed within different 
statistical significance areas. Therefore, the results are robust against publication, that is, 
publication bias may be safely ignored. 

 

Figure 1. Contour-enhanced funnel plot  

 

 

 

 

 

 

 

 

 

The empirical Bayes estimate of the overall effect size and related statistics are reported in 
Table 2. The results indicate that the overall effect size is negative (-1.65) and statistically 
significant at the 1% level. That is, in general, the farm technical efficiency is negatively 
associated with the subsidy income share. This inverse relationship suggests that extra income 
from subsidies have a negative influence on farmers’ incentive to work efficiently, yielding 
lower efficiency score. Specifically, the magnitude of the overall effect size highlights that a 
1% point increase in the subsidy income share leads to a 1.65% decrease in the technical 
efficiency. 

 

Table 2. Empirical Bayes estimates of the overall effect size 

 Statistic P-value 
Overall effect size [95% confidence interval ] -1.65 [2.37; -0.92] 0.000 
Heterogeneity analysis    
Between-study variance (	 )  6.14  
Q-statistic  3911.81 0.000 

 98.8%  
Bias analysis    
Egger’s test  -7.57 0.000 
Trim-and-fill estimate of missing studies  0  
Number of meta-data 46  
 

As shown in Table 2 the heterogeneity test (Q-statistic) appears to be significant at the 1% 
level; and the estimated I-square (98.8%) shows that the true effect sizes are highly 
heterogeneous. These results provide strong support for investigating the possible sources of 
the observed heterogeneity. This is done with the random-effect model specified in equation 
[40]. Empirical Bayes results of this model, presented in Table 3, reveal that the overall effect 
is robust to the method used (variable method), to the production sector considered (variable 
livestock), to the type of farms studied (variable single-prod) and to the area where the studied 
farms are located (variable EU-area). In other words, the direction and the magnitude of the 
mean effect are not systematically influenced by those factors. Another conclusion is that 
since none of these factors are significant, key moderating factors available in the empirical 
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studies do not provide enough evidence to explain the observed heterogeneity. These findings 
confirm the empirical ambiguity explained above. Consequently, as suggested by Reinhard et 
al. (2002), farmers might be interviewed in order to obtain more information about their 
motivation. 

 

Table 3. Empirical Bayes estimates for the meta-regression  

 Coeffi-
cient 

Std. 
error 

P>|t| 

varsize: ratio of the number of regressors on sample size 14.41 11.56 0.22 
method: two-stage method including first-stage DEA (dummy) 0.37 0.89 0.68 
livestock: livestock production sector (dummy) -0.27 0.91 0.77 
single-prod: single production farms (dummy)   -.56 1.05 0.59 
EU-area: EU countries (dummy) 0.81 1.11 0.47 
Intercept -2.10 1.06 0.06 
Number of observations 46   
	  6.49   

 residuals 98.84%   
Adjusted R-square 0.00%   
F(5,40) 0.57  Prob>F: 0.72 

 

6. – Concluding remarks   

This paper aims at contributing to the literature on the issue of the link between public 
subsidies and farm technical efficiency, in which theoretical and empirical consistent findings 
are lacking. Specifically, we critically review the existing theoretical and methodological 
frameworks. In addition we perform a meta-analysis and a meta-regression on relevant 
empirical studies in order to provide strong conclusion on the size of the effect.  

The overview of the empirical literature on the subsidy-efficiency link reveals that the most 
common finding is an inverse relationship, but that a positive effect of the subsidies is 
sometimes obtained. The results of the meta-analysis confirm the inverse relationship, 
suggesting that extra income from subsidy creates disincentives to farmers for producing 
efficiently. This relationship is robust to the type of method used in the literature, whether 
parametric or DEA to calculate the efficiency scores. 

Recently, the methodological framework, particularly the semi-parametric method, available 
to investigate the effect of contextual variables on technical efficiency, has been improved. 
These extensions remain to be applied to the specific issue of subsidy effect in the agricultural 
sector. In addition, in the line of Daraio and Simar (2005) and Daouia and Simar (2007), our 
suggestion is to use a generalised additive model with some interactive predictors to 
investigate the influence of external divers on efficiency.  

Empirical research implications of this paper include the need to use financial drivers such as 
the breakeven point and the subsidy to debt ratio, and to conduct structured interviews in 
order to obtain more information about farmers’ motivation. In a theoretical viewpoint, this 
study advocates an extension of the Martin and Page’s (1983) model (i) in a stochastic 
dynamic framework, (ii) by relaxing its strong assumption that hired managerial services 
cannot fully compensate for the reduction of the managerial effort caused by the subsidies, 
and (iii) by the introduction of financial constraints. Thus, the extended model may provide 
theoretical grounds for the mixed effect of subsidies on technical efficiency provided by some 
works. 
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