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Meta-regression Analysis of Technical (In)Efficiency in Agriculture: 
a Regional Approach 1

While scientific studies have not reached a consensus on the methodology for examining Technical 
Efficiency (or Inefficiency), the influence of regions appears to be important for efficiency scores. Therefore, 
this research aims to investigate the empirical procedures for the achievement of more robust results in the 
analysis of productive efficiency, as well as to evaluate the effect of the location of farms on such efficiency. 
The goal was to check whether the most developed regions are the most efficient. Meta-regression analy-
sis provides an adequate method for an accurate assessment of both situations. This technique was applied 
based on a database of 166 observations on the agricultural sector from countries around the world, pub-
lished in the period 2010–2017. The criteria used for the database collection and for the conceived model 
were not previously used and, thereby, enrich the discussion on the topic. The procedure aims to check the 
variation in the Mean of Technical Inefficiency and conduct an analysis using Quasi-Maximum Likelihood 
Estimation. The regressions showed that the Mean of Technical Inefficiency could be mainly explained by 
data, variables, employed empirical models and the region of study. The studies that focus on farms of devel-
oped countries present the lowest Mean of Technical Inefficiency, while studies for developing or low-income 
countries exhibit the opposite. Therefore, for future research on productive analysis, we suggest empirical 
procedures aimed at achieving robust results that take into account specific regional characteristics of farms. 

Keywords: agriculture, technical efficiency, farms inefficiency, meta-regression, parametric and non-parametric 
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Метарегрессионный анализ технической производительности в сельском хозяйстве: 
региональный подход

Несмотря на то, что исследователи не достигли консенсуса касательно методологии изучения 
производительности, показатели эффективности в значительной мере зависят от регионов. В дан-
ной статье изучены эмпирические методики для достижения надежных результатов в анализе про-
изводственной эффективности, а также влияние расположения ферм на производительность. Цель 
работы — проверить, зависит ли производительность от развитости региона. Для точной оценки 
данных был применен метарегрессионный анализ на основе опубликованных в 2010–2017 гг. 166 на-
блюдений в области сельского хозяйства разных стран мира. Новизна исследования состоит в том, 
что критерии, разработанные для создания базы данных и реализации модели, не использовались ра-
нее. Были проверены вариации среднего значения производительности, а также проведен анализ с ис-
пользованием оценки квазимаксимального правдоподобия. Регрессии показали, что среднее значение 
производительности можно объяснить используемыми данными, переменными, эмпирическими мо-
делями и регионом исследования. Проанализированные работы показали, что сельскохозяйственные 
фермы в развитых странах демонстрируют самый высокий средний показатель производительности, 
в то время как в развивающихся странах и странах с низким уровнем дохода наблюдается обратная 
ситуация. В статье представлены методологии, направленные на достижение надежных результа-
тов, а также учитывающие региональные характеристики сельских хозяйств, которые могут быть 
применены в будущих исследованиях.

Ключевые слова: сельское хозяйство, производительность, неэффективность хозяйств, метарегрессия, 
параметрические и непараметрические методы, региональный анализ
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1. Introduction

The productive efficiency literature starts with 
Farrell’s work [1] that a frontier model defining a 
simple measure of firm efficiency that could ac-
count for multiple inputs. Farrell [1] stated that ef-
ficiency can be described in two main components: 
Technical Efficiency and Allocative Efficiency. The 
first indicates that when a certain level of inputs is 
given, the Decision Making Unit is able to produce 
the maximum level of outputs or, fixing a certain 
level of output, the Decision Making Unit is able 
to minimise the level of input [2]. The Allocative 
Efficiency reflects the firm’s ability to use the in-
puts in their optimal proportions (given their re-
spective prices) to either minimise the cost or 
maximise the revenue [3, 4]. Another type of effi-
ciency is the scale efficiency, which shows whether 

the Allocative Efficiency is operating at an optimal 
scale [5].

Different methodologies have been proposed 
to estimate Technical Efficiency or Inefficiency. 
The selection of the most appropriate one has 
been a controversial process, with several studies 
emphasising the advantages and disadvantages 
of parametric and non-parametric approaches 
for the measurement of Technical Efficiency [6–
8]. Resti [9] concluded that there is no advantage 
in using one method over the other, and Wadud 
and White [10] stated that, in most empirical stud-
ies, the selection of the method is arbitrary and 
mainly based on the aim of the study, the avail-
able data and the preference of the researcher. 
Nevertheless, the selection of a specific method-
ology using agricultural data could seriously affect 
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the estimated Technical Efficiency scores [10–13]. 
There is no agreement concerning the selection of 
an appropriate methodology and the choice be-
tween parametric and non-parametric methods 
will continue to be an ongoing debate [4, 14].

Concerns on the topic of empirical conditions 
for the efficiency analysis have recently been con-
sidered as a greater influence on the estimated 
Technical Efficiency and also in its scores. This 
paper aims to contribute to this discussion, as it 
examines aspects that were not studied in previ-
ous works. Namely, the Technical Inefficiency per-
spective instead of the Technical Efficiency al-
lows the integration of a wider range of studies. 
In addition, we included not only parametric and 
non-parametric methodologies, but also studies 
with semi-parametric techniques. The used func-
tional forms according to the Stochastic Frontier 
Analysis and Data Envelopment Analysis with ra-
dial versus directional functions were also useful 
for formulating the first hypothesis: the Mean of 
Technical Inefficiency varies according to the cho-
sen methodological or empirical procedure.

Another important aspect revealed by the 
studies on meta-regression analysis is the diver-
gence of Technical Efficiency results depending 
on the geographical scope of the application (par-
ticularly, examined region and its income level). 
The studies of Bravo-Ureta et al. [4] and Mareth 
et al. [14] showed that Western Europe displays 
higher Technical Efficiency values than other con-
tinents and Ogundari [15] proved that East Africa 
is the most technically efficient region in Africa. 
Regarding the country income, Bravo-Ureta et al. 
[4] highlighted that high-income countries have 
better Technical Efficiency levels. However, Mareth 
et al. [14] and Djokoto, Srofenyoh and Arthur [16] 
did not confirm with statistical significance the 
different Technical Efficiency scores between the 
countries with distinct income levels and between 
the diverse regions of Gana, respectively. Taking 
this into consideration, another hypothesis rele-
vant to our study is whether the Mean Technical 
Inefficiency in the farms varies according to the 
region under study (namely, to the continent to 
which it belongs or according to the income level 
of the country). The verification of this situation 
could be used to replicate the most efficient pro-
duction system of a given country or act as a plan-
ning guide for the least efficient farms found in 
another region or continent. 

Thus, the aim of this study is to investigate the 
empirical procedures conducted to achieve more 
robust results in the analysis of productive effi-
ciency in the agricultural sector, as well as to as-
sess the impact of regional specification on ag-

ricultural Technical (In)Efficiency. To this end, a 
meta-regression analysis was implemented based 
on data for the period 2010–2017, which includes 
several attributes employed by the previous stud-
ies that estimate the Technical Efficiency or 
Inefficiency in the agriculture sector of both de-
veloping and developed countries. 

2. Theoretical background

The concepts of efficiency are based on the 
productivity theory of economics that emerged 
in the work of Farrell [1] on productive efficiency 
applied to the United States’ agricultural sec-
tor. The author decomposed efficiency costs into 
Technical and Allocative Efficiency; these types of 
efficiency have been detailed in the literature [2, 
17]. In addition to this most common decomposi-
tion of efficiency, Färe, Grosskopf and Lovell [18–
20] also distinguished between purely Technical 
Efficiency, Congestion and Scale Efficiency.

A variety of efficiency measures has been pro-
posed in a form of frontier functions [7]. Technical 
Efficiency or Technical Inefficiency components 
of productivity are based on comparing the actual 
firm’s productivity performance with its optimum, 
in the same (Technical Efficiency) or in the oppo-
site direction (Technical Inefficiency). 

Empirical studies using frontier models based 
on Farrell’s work [1] can be classified in two types: 
parametric and non-parametric. Parametric mod-
els require predetermined functional forms (e. g. 
Cobb-Douglas, Translog) and error distributions 
[7, 21, 22]. Additionally, the models can be distin-
guished as deterministic and stochastic [4, 14, 22]. 
The deterministic model assumes that any devia-
tion from the frontier is due to inefficiency, while 
the stochastic approach allows for statistical noise 
[4, 14, 22].

The most applied non-parametric and para-
metric methods are Data Envelopment Analysis 
and Stochastic Frontier Analysis, respectively.

Data Envelopment Analysis is based on math-
ematical programming techniques and does not 
require the specification of a functional form. 
Therefore, it has been used as the main non-par-
ametric and deterministic Technical Efficiency 
model. Some disadvantages of this technique 
are linked to the number of observations, varia-
bles of outputs and inputs, and the frontier length 
that may affect the efficiency levels [4, 22, 23]. 
Additionally, this non-parametric technique does 
not allow for random noise or measurement error 
[4, 22].

From the beginning of the first decade of this 
century, some advances were made in traditional 
Data Envelopment Analysis. In particular, a boot-
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strapping technique [24, 25], a semi-nonpara-
metric one-stage estimator [26] and a noise term 
that follows a truncated distribution [27] were 
developed.

Stochastic Frontier Analysis was created as 
an alternative technique to Data Envelopment 
Analysis [28, 29]. This approach allows the meas-
urement of errors, random shocks and requires a 
functional form [8]. It was also suggested to com-
bine both techniques, which are mentioned as the 
semi-parametric or non-parametric Stochastic 
Frontier Analysis [30–36]. Pioneering studies for 
these methodologies were published by Fan and 
Weersink [31] and Kneip and Simar [32] that were 
applied by Kumbhakar, Parmeter and Zelenyuk 
[33], while the two-tiered stochastic frontier 
model was used in the work of Parmeter [37].

The introduction of semi-parametric meth-
odologies represents a substantial breakthrough, 
since the separation of parametric from non-par-
ametric methodologies is no longer so clear [33, 
37]. 

The estimation of frontier functions can also 
be categorised according to the type of data used: 
cross-section or panel data studies. The first 
measures the Technical Efficiency between differ-
ent Decision Making Units at one point in time, 
while the panel data do the same but in different 
time periods [22], which could produce more ac-
curate estimates of efficiency. The cross-sectional 
studies have several limitations [7, 38–40]: for ex-
ample, the peculiarities that can be observed in a 
particular year under study could not happen in 
normal years [41]. Moreover, the panel data al-
lows decomposing productivity growth into tech-
nological change and Technical Efficiency change 
[22].

Econometric models are divided into primal 
and dual approaches, depending on their under-
lying behavioural assumptions [4, 22]. This du-
ality can be explained by the exploitation of the 
production function in two different ways: the 
primal approach (the common approach) and 
the dual approach (cost function and profit func-
tion) [2]. The primal approach is most often used 
to estimate efficiency, although dual cost and, 
particularly, profit function models (dual ap-
proaches) have gained increasing attention [4, 
42].

In productive efficiency, there are the radial 
and the directional distance functions. The first 
were developed by Shephard [43–44], so they are 
often referred to as Shephard distance functions. 
Later, Chambers, Chung and Färe [45, 46] and 
Chambers, Fāure and Grosskopf [47] explored the 
works of Luenberger [48–49] and introduced di-

rectional distance functions. Those functions have 
one main advantage over the radial ones since 
they do not impose proportional adjustments on 
the quantities of inputs and outputs [50]. The di-
rectional distance function has been very useful in 
modelling production functions with undesirable 
outputs [51–53]. However, the theoretical litera-
ture on productive efficiency was essentially de-
veloped on the basis of radial distance functions 
of inputs and outputs. 

In addition, many authors report that varia-
bles used to estimate efficiency play a major role 
in the Technical Efficiency scores. In particu-
lar, various works assessing efficiency in devel-
oped and developing countries support this situ-
ation. Thiam, Bravo-Ureta and Rivas [22], Bravo-
Ureta et al. [4], Djokoto [54], Djokoto, Srofenyoh 
and Arthur [16] and Mareth et al. [14] have im-
plemented Meta-regression analysis to Technical 
Efficiency in agriculture. Thiam, Bravo-Ureta and 
Rivas [22] developed the first study on this sub-
ject, but only examined developing countries. 
This paper analysed 32 studies and had 51 obser-
vations between 1983 and 1998. Afterwards, us-
ing a large number of studies (167) and obser-
vations (185), Bravo-Ureta et al. [4] applied me-
ta-regression analysis in both developing and de-
veloped countries on agricultural subjects in the 
period 1979–2005. Later, Djokoto [54] used me-
ta-regression analysis of Technical Efficiency in 
organic agriculture with more recent studies (be-
tween 2002 and 2014). Outside arable agriculture, 
Mareth et al. [14] applied the same methodology 
in dairy farms with a set of 42 studies and 109 ob-
servations. Lastly, Djokoto, Srofenyoh and Arthur 
[16] used meta-regression analysis in agriculture 
with 34 studies and 49 observations between 2010 
and 2015.

The methodology, functional form, number of 
observations and variables, panel and cross-sec-
tional data, type of agricultural product, year of 
data or publication, and use of primal or dual ap-
proach are the explanatory variables most used in 
meta-regression analysis of Technical Efficiency 
[4, 14, 16, 22, 54]. However, the results of the pre-
vious meta-regression studies have not reached a 
consensus neither in the methodology to use in 
Technical Efficiency studies nor in the influence 
of regional specification.

The older analyses showed that the parametric 
and stochastic approaches tend to display lower 
levels of Technical Efficiency [4, 22], while Mareth 
et al. [14], Djokoto, Srofenyoh and Arthur [16] and 
Djokoto [54] obtained higher scores in latter me-
ta-regressions [14, 16, 54]. The influence of func-
tional forms in Technical Efficiency was tested 
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previously in meta-regression studies; some of 
them revealed that the Translog function has a 
tendency to display higher Technical Efficiency 
scores than the Cobb-Douglas function [4, 14]. 
Others exposed that both Cobb-Douglas and 
Translog functional forms usually exhibit lower 
Technical Efficiency scores than other functional 
forms [14, 54].

The used data, in particular, data derived 
from the cross-sectional studies, seems to pro-
duce lower Technical Efficiency estimates regard-
ing the majority of meta-regression analysis [4, 
22, 54]. Mareth et al. [14] and Thiam, Bravo-Ureta 
and Rivas [22] showed that the number of varia-
bles can positively influence Technical Efficiency 
scores.

3. Data and Methods

3.1. Data

Our database consists of a set of scientific ar-
ticles examining the Technical Efficiency or 
Inefficiency measurement on farm level data 
from countries around the world. To build such 
a database, the chosen keywords were linked to 
the measurement of Technical Efficiency (step 1, 
Figure 1). The combination of both of them pro-
moted three searches that were performed in the 
two most relevant search engines, Web of Science 
and Scopus. After the exclusion of the duplicate 
papers indexed in both search engines, the final 
database comprised 470 scientific papers from 
2010 to 2017 (Figure 1). 

The final database from step 1 (470 papers) was 
used for the next steps (Figure 1). In step 2, we ex-
cluded the following materials: (1) papers out of 
Technical Efficiency or Inefficiency estimation; 
(2) studies examining non-agricultural industries; 
(3) works on animal production; and (4) papers 
that do not contemplate the variables that are in-
tended to study (e. g. functional form; number of 
observations and variables; panel and cross-sec-
tional data; primary or secondary data; use of pri-
mal or dual approach; type of agricultural prod-
uct; country). According to these criteria, we ex-
cluded the works of Rasmussen [55], Sipiläinen, 
Kumbhakar and Lien [56] and Tsionas, Kumbhakar 
and Malikov [57]. They provide research on the ef-
ficiency applied to the animal production, but use 
the variables of milk production as output and the 
feedstuff as input, which are not relevant for this 
research.

Finally, we selected 100 research papers for 
meta-regression analysis (Table 1), which corre-
spond to 166 observations from countries around 
the world. Given that many of the papers re-

port Technical Efficiency estimates and others 
Technical Inefficiency, we opt to convert all into 
the Mean of Technical Inefficiency. 

The largest number of cases are from Asia (47), 
followed by Europe (23) and Africa (23) and then 
America (7). The highest inefficiency mean was 
observed in Africa (36.65 %), while the lowest was 
noted in the American Continent (22.29 %), fol-
lowed by Asia (24.98 %) and Europe (25 %). 

Table 1 also displays the Mean of Technical 
Inefficiency by product type. As shown in this 
Table, cereal crops is the dominant category with 
41 studies, followed by whole farm (26), fruit 
(14), oilseed (7), vegetables (3), protein crops (2), 
and others (7). The highest Mean of Technical 
Inefficiency is reported for vegetables (36.67 %), 
while the lowest result is found for protein crops 
(15.5 %). The others have an average value around 
25.14–28.95 %.

3.2. Meta-regression analysis

Meta-regression analysis is a quantitative 
method used to measure the influence of the 
study-specific characteristics, such as methodo-
logical approaches or other useful variable [58]. In 
this article, the estimated Technical Inefficiency 
is the dependent variable and the study-specific 
characteristics of the research papers of our data-
base are used as the explanatory variables.

Regarding the empirical model of meta-re-
gression analysis, McDonald [59] and Ramalho, 
Ramalho, and Henriques [60] claimed that the 
Mean of Technical Inefficiency is not a censored 

Table 1
Overview of empirical studies of TI in agriculture (%)

Variable

O
bs

er
va

tio
ns

M
ea

n

St
d.

 D
ev

.

M
in

im
um

M
ax

im
um

Country
Africa 23 36.65 17.23 7 81
America 7 22.29 8.67 11 39
Asia 47 24.98 13.16 4 57
Europe 23 25.00 10.83 7 47

Product type
Cereal crops 41 28.95 14.14 4 70
Fruit 14 27.43 13.00 7 52
Protein crops 2 15.50 3.54 13 18
Oilseed 7 27.71 8.58 15 43
Vegetables 3 36.67 18.77 20 57
Whole farm 26 27.21 16.35 6 81
Others 7 25.14 13.89 13 46

Source: Authors’ compilation.
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YEAR

SEARCHES

1st

2nd

3th

“efficiency” “technical”

“farm”

“agriculture”

or“efficiency” “productivity”

“inefficiency”

Keywords in the title

Keywords in the 
topic

Search Engines

256 papers 310 papers110 in common

470 papers

WEB OF SCIENCE SCOPUS

1

Specification of the 
criteria for exclusion 

of papers

2

Title of papers 
screened

3

Abstract review of 
selected papers

4

Full-text review of 
selected papers

5

470 papers

470 papers

253 papers

202 papers

Final Database for 
meta-regression 

analysis

6

100 papers
166 observations

Database Selection

1

2010 2011 2012 2013 2014 2015 2016 2017

Fig. 1. Database construction methodology for meta-regression analysis 
Source: Authors’ elaboration
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data, but a fractional/proportional data bounded 
between zero and one. Therefore, Ordinary Least 
Squares (OLS) and Tobit regressions models may 
not provide accurate estimations. The fractional 
response model is estimated using a non-lin-
ear model named Quasi-Maximum Likelihood 
Estimation (QMLE) [61]. In addition, suggested by 
Nelson and Kennedy [62] we use the weighted re-
gression technique to eliminate the lack of inde-
pendence in the values of the dependent variable 
(problem reported by Espey, Espey & Shaw [63]). 
The weighted regression combines the best of 
both fixed and random effects [64]. Therefore, the 
Quasi-Maximum Likelihood Estimation method 
and the observations were used as weight, fol-
lowing the works of Nelson and Kennedy [62], 
Ogundari [15] and Stanley [65].

To assess the impact of study-specific charac-
teristics on the Mean of Technical Inefficiency, 
this study employs the models (1) and (2) and, 
to capture the country effect, we incorporate re-
gional dummy variables (Table 2):
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where MTI is the Mean of Technical Inefficiency 
reported in studies; i is the i-th primary study; G(.) 
is the logistic function; x is a vector of study at-
tributes (displayed in Table 2) which are also used 
as control variables; βk are the parameters to be 
estimated and their sign will generally indicate 
the direction in which a given variable influences 
the changes in the Mean of Technical Inefficiency; 
εi is the error term of the regression, which is as-
sumed to be normally distributed with mean 0 and 
variance σε. 

4. Results

Technical Efficiency and Inefficiency in ag-
riculture is a subject that is getting more and 
more attention in the latter years. Table 3 con-
tains the gathered coefficients of the Quasi-
Maximum Likelihood Estimation for the Mean of 
Technical Inefficiency using Models 1 and 2 (with-
out weights) and Models 3 and 4 (with weights). 
Columns 1 and 3 are based on Equation (1) and 

Table 2
List of meta-regression explanatory variables

Variable Description

Radial and Directional Dummy variables are equal to one if the study used radial distance functions and zero other-
wise (directional distance functions)

Cobb, Translog and 
Quadratic

Dummy variables are equal to one if the study used Cobb-Douglas, Translog or Quadratic 
functional forms and zero otherwise. Non-parametric approach is the reference variable.

Observations, 
Nroutputs and Nrinputs Number of observations, outputs and inputs used in the study

Year Year of data collection
Panel and 
cross-sectional

Dummy variables are equal to one if the study used panel data and zero otherwise (cross-sec-
tional data)

Primary and Secondary Dummy variables are equal to one if the study used primary data and zero otherwise (second-
ary data)

Dual and Primal Dummy variables are equal to one if the study used dual approach (cost function) and zero 
otherwise (primal approach)

Permanent, Temporary 
and Mixed

Dummy variables are equal to one if the agricultural product is permanent or temporary and 
zero otherwise (mixed crops)

Asia, America, Europe 
and Africa

Dummy variables are equal to one if efficiency is estimated in Asian, American or European 
countries and zero otherwise (African countries)

Lic, Lmic, Umic and 
Hic

Dummy variables are equal to one if inefficiency is estimated in lower-middle, upper-middle 
or high income countries (classification of the World Bank) and zero otherwise (lower income 
countries)

Quartil Journal’s quartile withdrawn from SCImago Journal Rank

Source: Authors’ elaboration.
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columns 2 and 4 are based on Equation (2). All es-
timations were conducted in Stata version 14.2 
by using the generalised linear model (gml) com-
mand with family (binomial), link (logit), and ro-
bust standard error option.

The analysis of Table 3 shows similar results 
regarding both positive and negative signs of the 
estimated coefficients. In addition, the majority of 
the explanatory variables are statistically signifi-
cant in at least one of the models with the excep-
tion of panel, dual and temporary variables.

The models with weight (3 and 4) have more 
significant variables. By using the criteria for the 
model selection from Akaike Information Criterion 
(AIC) and Bayesian Information Criterion (BIC), 
models 3 and 4 have the lowest values, but once 
again, they are preferred. 

The models of Quasi-Maximum Likelihood 
Estimation with weight reveal that radial func-

tions, which are not used in previous studies, pro-
duce a higher Technical Efficiency (significantly 
at 5 %). Therefore, the directional functions show 
the opposite.

Studies using a Cobb-Douglas, Translog and 
quadratic functions yield a significantly lower 
Mean of Technical Inefficiency (statistically sig-
nificant in all regressions with exception of the 
Translog variable in the fourth regression), which 
means that non-parametric approaches that nor-
mally use Data Envelopment Analysis have a 
higher Mean of Technical Inefficiency. 

The empirical studies that compile more ob-
servations achieve a higher Mean of Technical 
Inefficiency that is statistically significant at 5 % 
or 1 %. They are the benchmarking methodolo-
gies. Thus, the higher the number of observations, 
the higher the benchmark level and the higher the 
levels of inefficiency of the decision-making units 

Table 3
Results of the Quasi-Maximum Likelihood Estimation for the Mean of Technical Inefficiency
VARIABLE Model 1 Model 2 Model 3 Model 4

Radial −0.243 (0.383) −0.279 (0.379) −1.174** (0.546) −1.213** (0.601)
Cobb −0.562*** (0.135) −0.630*** (0.150) −1.268*** (0.096) −1.230*** (0.099)
Translog −0.347** (0.146) −0.392*** (0.147) −0.341*** (0.132) −0.191 (0.170)
Quadratic −0.966** (0.492) −1.076** (0.465) −1.303*** (0.365) −1.224*** (0.377)
Observations 0.001** (0.000) 0.001** (0.000) 0.001** (0.000) 0.001*** (0.000)
Nroutputs −0.110* (0.059) −0.131** (0.058) −0.141** (0.062) −0.127* (0.067)
Nrinputs −0.035 (0.065) −0.063 (0.068) 0.205** (0.085) 0.099 (0.113)
Year −0.005** (0.002) −0.006** (0.002) −0.009 (0.015) −0.007 (0.007)
Panel −0.043 (0.192) 0.075 (0.180) −0.242 (0.253) 0.246 (0.330)
Primary −0.008 (0.224) 0.101 (0.258) −0.860*** (0.296) −0.465 (0.390)
Dual 0.170 (0.388) 0.199 (0.389) −0.286 (0.247) −0.033 (0.277)
Permanent −0.057 (0.183) −0.043 (0.182) 0.720*** (0.118) 0.688*** (0.118)
Temporary −0.164 (0.134) −0.220 (0.137) −0.072 (0.123) −0.126 (0.124)
America −0.866*** (0.269) −1.192*** (0.336)
Europa −0.529** (0.233) −0.920*** (0.236)
Asia −0.582*** (0.174) −1.171*** (0.183)
Lmic −0.405* (0.210) −0.300 (0.320)
Umic −0.879*** (0.226) −1.245*** (0.322)
Hic −0.670*** (0.203) −0.701** (0.295)
Quartil 0.031 (0.074) 0.057 (0.077) 0.177* (0.102) 0.265* (0.140)
Constant 9.403** (4.279) 12.360** (4.826) 18.387 (31.098) 15.033 (13.920)
Log_Pslikelihood −68.50 −68.61 −66.40 −66.85
Deviance 16.99 17.22 5.61 6.51
Pearson 16.40 16.88 5.78 6.64
(1/DF) Deviance 0.1148 0.1163 0.0379 0.0440
(1/DF) Pearson 0.1107 0.1141 0.0391 .0449
Akaike Information Criterion 1.0421 1.0435 1.0169 1.0223
Bayesian Information Criterion −739.59 −739.36 −750.96 −750.06
Observations 166 166 166 166

Notes: Models 3 and 4 with weights in the size of observation in the primary study; Robust standard errors in parentheses; The 
estimated parameter is significantly different from zero at: * 10 %; ** 5 % and *** 1 % significance level.
Source: Authors’ data.
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will be. In the opposite way, the number of outputs 
and the year of data collection have a negative ef-
fect on the Mean of Technical Inefficiency.

The papers that analyse the efficiency in per-
manent crops reveal higher levels of the Mean of 
Technical Inefficiency in the models with weight 
(significant at 1 %), otherwise, the year of data 
has a negative influence on the Mean of Technical 
Inefficiency in models 1 and 2 (significant at 
5 %). Those results could mean that temporary 
and mixed crops are more efficient than perma-
nent crops (fruits and oilseed) and the Technical 
Efficiency has been increasing over the years.

To distinguish the efficiency according to the 
region of study, we use continents (model 1 and 
3) and their income level (model 2 and 4) as varia-
bles. The obtained results are convergent for both 
situations, since Africa and low-income countries 
have lower efficiency levels than other continents 
or countries. 

Finally, in the models with weight, the results 
show that the larger the journal’s quartile, the 
greater the Mean of Technical Inefficiency is. In 
the other models, the results were not significant.

5. Discussion and Implications

The literature on productive efficiency in the 
agricultural sector has focused essentially on the 
critical aspects of the used methodologies and 
their empirical procedures, as well as on the main 
factors that determine and explain efficiency. The 
effect of the geographical context, evidenced by 
the country’s economy or its level of investment 
and achieved productivity, was transversal to the 
various studies on the topic. However, the findings 
have reached no consensus regarding the meth-
odology used in Technical Efficiency research. 
Moreover, the works particularly devoted to stud-
ying the regional effect on efficiency measures has 
not led to uniform conclusions. 

To explain the variation in the Mean of 
Technical Inefficiency on studies that are focused 
on the agriculture sector, we proposed four alter-
native empirical models using meta-regression 
analysis. These incorporate the effect of developed 
and developing countries into 166 observations 
from 100 papers. The models provided similar re-
sults, therefore, they can be considered robust and 
meaningful. However, the models with weight (3 
and 4) that have the lowest values were preferred, 
which is in line with Ogundari’s [15] work. 

The econometric results showed that the Mean 
of Technical Inefficiency reported in academic 

literature could be explained by two main fea-
tures: empirical implementation (data, variables 
and empirical model) and region of study. Despite 
the controversy of the parametric methods’ in-
fluence on the Mean of Technical Inefficiency, 
the results confirmed the ideas of Djokoto [54], 
Djokoto, Srofenyoh and Arthur [16] and Mareth 
et al. [14], since the parametric approaches (such 
as Stochastic Frontier Analysis) allowed measure-
ment error and random shocks while the non-par-
ametric approaches (such as Data Envelopment 
Analysis) did not.

In light of the research findings, we suggest to 
apply several alternatives of empirical models that 
demonstrate the convergence and robustness of 
the results. Their use will help achieve better and 
more conclusive results that do not depend on the 
empirical implementation process.

Relatively to the region of study (by conti-
nents and income level), the scientific studies fo-
cused on developed countries present the lowest 
Mean of Technical Inefficiency. Meanwhile, stud-
ies for Africa and developing or low-income coun-
tries exhibit the highest scores of the Mean of 
Technical Inefficiency. This situation confirms the 
conclusions of Bravo-Ureta et al. [4], which were 
not obtained in recent studies of Mareth et al. [14] 
and Djokoto, Srofenyoh and Arthur [16].

These findings highlight that the productive 
systems practiced by developed countries are dis-
tinct and should be replicated by developing coun-
tries. In this sense, these countries should collab-
orate to help the planning and adoption of more 
efficient farms by lower-income countries. 

However, we recognise that farms in differ-
ent locations cannot be always compared using 
the usual efficiency methods due to the disparity 
of regions. The development of studies with out-
put and input variables disaggregated as possible 
and with homogeneous farms can be favourable 
to collect specific data on each particular produc-
tion area. In addition, we propose to decompose 
Technical Efficiency as pure Technical and Scale 
Efficiency to analyse where the difference between 
regions comes from. Moreover, the recent decom-
position between long-run (persistent) and short-
run (transient) inefficiency [66] will make possible 
to differentiate the evolution of inefficiency in the 
different regions. 

Finally, when panel data is available, produc-
tive efficiency evolution and technological change 
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should be analysed to provide a better understanding of the disparities among the farms and their re-
spective regions.
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