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Abstract
Extension services have become the gold standard for agricultural development programs to spur farm productivity
and enhance farmers’ livelihood. Scholars from distinct strands of research have contested the virtues of these
programs as systematic reviews failed to disentangle the different causal paths. We aim to unpack the relationship
between these two constructs, and more speci�cally explore the main determinants causing systematic variabilities of
the technical e�ciency estimates from well-known published crop-farming studies. A meta-regression analysis is
implemented by collating 335 observations from 199 farm-level studies to review the direct impact of agricultural
extension activities on farming performance. While the implementation of expansion programs tends to be non-
randomly distributed in our sample, we employ the inverse probability of treatment weighting to correct for potential
selection bias. The absence of a publication bias in found studies our meta-analysis is empirically identi�ed. Our
empirical �ndings are robust when multiple imputation method is employed to mitigate the missingness of
observations. Consonant with the theory of agricultural extension, we �nd that extension signi�cantly improves
technical e�ciency by 4.8% to 7.6%. Farm productivity signi�cantly differs in country level characteristics, type of
crops and model speci�cation.

JEL Classi�cation: Q16, O18, C14, C29

1 Introduction
It is indisputable that agriculture is an inherent component of the economic development and human welfare. With a
surge in food prices, depletion of natural resources along with adverse concequenses of climate change, the carrying
capacity of farm productivity is under stress encompassing far-reaching implications for farmers’ livelihoods. The
fundament of output growth stems from the extension of land area, increasing cropping intensity through water
irrigation and boosting yields. Given that the potential of land expansion and availability of water supply appear to be
reaching its limit at a global view, a more e�cient utilization of natural resources through innovative ways of farming
continues to play a substantial role in the future (FAO, 2012).

Agricultural extension is an innovation from the 20th century designed to stimulate agricultural development and to
create incentives for farmers to adopt a new modern technology through the reduction of information acquisition costs
(Alexandratos, 1995, Anderson and Feder, 2004). Extension programs have been introduced worldwide with the
objective to upgrade human capital by diffusing knowledge on production methods, optimal input use and
management practices to farmers (Alene and Hassan, 2003; Dinar et al., 2007). From nearly a million of extension
workers advising farmers globally on a daily basis, the largest share of agents is located in low and middle-income
countries, most notably with 70% in Asia (Bahal, 2004). Although, a number of successes have been documented,
critics posit de�ciencies in the performance of extension systems as a result of low staff morale, �nancial stress, poor
accessibility to agricultural advance techniques, misuse of extension programs due to political connectedness or the
failure to remain farmers’ interest in the long-term training (Agitew et al., 2018, Anderson and Feder, 2004, Jones and
Kondylis, 2018, Rivera et al., 2002).

Whereas scholars develop various metrics to analyze the productivity growth in agriculture, we con�ne ourselves in this
paper to the technical/farming e�ciency de�ned as the ratio of observed output and maximum output with �xed

inputs or, alternatively maximizing output with available inputs and technology
[1] (Farrell, 1957).

With the growth of literature on technical e�ciency in the agricultural �eld, substantial efforts have been made to
identify the main drivers explaining systematic disparities in the e�ciency estimates (Bravo-Ureta et al., 2007, Iliyasu et
al., 2014, Jiang and Sharp, 2014, Thiam et al., 2001). Most notably, the study by Bravo-Ureta et al. (2007) applies a
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metaregression analysis on the technical e�ciency in farming and it reveals that the average e�ciency estimate is
higher for animal production in comparison with crop farming. Despite their careful investigation, the
operationalization of the data is limited. We argue that a more �ne grained review on farm performance by analyzing
separately animal and crop production classi�cation would not only expand our understandings on the technical
feasibility within each system, but also allows to provide distinct policy implications for both groups.

Since the majority of extension policies entailed supply-driven activities with a primary focus on the productivity
improvement of basic food crops (Swanson, 2006b), we restrict our analysis merely to crop farming studies. While

cereal is the most prevalent crop with its cultivation exceeding 20% of global land surface
[2]

, minor crop groups likewise
vegetables, fruits, root/tuber, nuts and other �bers take up less than 2%. Under the future climate scenarios, the
existence of low crop diversity in many regions of the world is alarming as it does not only accelerate shifts in pest
occurrence and plant diseases–negatively affecting food production–, but also impeding rural livelihoods (Leff et al.,
2004, Lin, 2011).

Displayed in Figure 1 is the number of scienti�c articles
[3] reporting the technical e�ciency in the �eld of agriculture

over the last decades. In addition to the steady rise of attention given by the scienti�c community on the concept of
extension over time, we also observe that government expenditures in research and development is soaring at the
same speed. Given this positive trend, systematic reviews and meta-analysis are crucial tools to design effective
decision making. Meta-analysis also provides a common basis to clarify a speci�c research question and review
puzzling �ndings from large number of cross sectional/longitudinal studies within a certain research �eld. It has
become an increasing popular and widely applied method in a broad range of disciplines (Gurevitch et al., 2018). The
main idea behind the methodology is to combine the results and �ndings from independent studies. Gathering the
empirical estimates from available scienti�c resources – the reported mean of technical e�ciency scores – a
regression model is best employed for explaining the variation of the estimations based on the fundamental
divergences across studies. Stanley et al. (2013) reports that no less than 200 meta studies are conducted per year on

economic topics.
[4]

Although, systematic reviews by Birkhaeuser et al. (1991), Evenson (1997) and Maredia et al. (2000) indicate some
evidences that extension schemes play a signi�cant effect on output, it is di�cult to build empirically a direct causal
relationship. The effectiveness of extension programs on farm productivity depends on how services are conveyed on
speci�c circumstances of recipients. Anderson and Feder (2004) stress that measuring the effect of extension
measures on farm performance is di�cult due to measurement errors (i.e weak accountability) or the mutual in�uence
of other systematic and random effects (e.g. price votality, credit hinderance, and climate). For this reason, a rigorous
and careful examination of econometric and quasi-experimental methods represent a necessary condition to draw
robust policy implications from the empirical results.

Findings of studies examining the effect of extension services on agricultural technical e�ciency are disparate, hence
our understanding about the effectiveness of extension programs appears to be fragile and fragmented. While Asres et
al. (2014), Alene and Hassan (2003), Binam et al. (2004), Bravo-Ureta and Evenson (1994), Ofori-Bah and Asafu-Adjaye
(2011) found no signi�cance in the technical e�ciency differences of both groups agricultural extension participants
and non-participants, others manifested that there was a positive and signi�cant connection between the contact with
extension agents and farm performance (Cerda´n-Infantes et al., 2008; Dinar et al., 2007; Ho et al., 2014; Owens et al.,
2003; NguyenVan and To-The, 2016; Villano et al., 2015; Wollni and Bru¨mmer, 2012).

In view of the prevalence of non-experimental studies in the agricultural and development economics literature, we
examine the direct impact of agricultural extension services on technical e�ciency in accordance with other main
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determinants driving systematically differences in the e�ciency estimates in crop farming studies. Hence, our
contribution is to provide robust evidence on the effect of agricultural extension on farm productivity in crop framing.
In light of the increased interest in agricultural extension programs in most parts of the world, knowing whether
extension policy is an effective strategy to improve farm productivity can lay out an vital insight to both policymakers
willing to invest in agricultural extension and private research �rms delivering extension services.

A sample of 335 observations of 199 farm level studies on crop plant is collated to estimate the technical e�ciency by
the means of meta-regression analysis. The majority of the studies report only the mean and the range of technical
e�ciency, however the variance (or standard deviation) is needed for the meta-analysis. Following Hozo et al. (2005),
we estimate the variance using the mean, the low and high range, and the sample size. Additional complication arises
from missing sample variance for studies reporting solely the mean technical e�ciency. To deal with missing
observations in our meta-analysis, we draw on multiple imputation method to replace missing observations with
imputed values (Chowdhry et al., 2016). While the inclusion of extension programs in domestic policies is not
randomly distributed across our sample, we control for selection bias using the inverse probability of treatment
weighting technique.

Graphical and numerical assessment tools suggest the absence of a publication bias for both complete case and
imputed data. Our study contributes to the applied agricultural economics literature by empirically validating the
technical e�ciency in crop farming studies and the development literature by reviewing the effect of extension policies
on farm performance. Consonant with the agricultural extension theory, studies focusing on extension have found
higher level of farm productivity than those who do not.

The remainer of this paper is structured as follows. Section 2 introduces the concept of metaanalysis followed by
Section 3 presenting the meta-regression and our strategies to deal with missing data and sample selection problems.
Section 4 explores potential publication bias in studies used in our meta analysis. Section 5 presents the estimation
results and discusses our �ndings. Section 6 gives conclusion of the study and provides policy implications within the
agricultural extension literature.

[1] Different de�nitions of productivity are possible, ranging from simple notion of yield per acre to more complex
measure of total factor productivity and technical frontier. For the discussion on the concept and measurement of
agricultural productivity, see Christensen (1975), Kopp (1981) and Porcelli (2009).
[2] i.e 61% of the total cultivated area.
[3] Google Scholar free services is of great help to discover quickly scienti�c resources. One main drawback is that
Google Scholar is lacking information on the actual size and coverage of the scienti�c collections (Jacs´o, 2005, Mayr
and Walter, 2007). The retrieved hits should not be taken as a measure of scholarly production or impact, but rather as
a macroscopic view of the content indexed by Google Scholar.
[4] Interested reader may �nd further information on meta-analysis in the �eld of economics inBravo-Ureta et al. (2007);
Card and Krueger (1995); Dalhuisen et al. (2003); Espey et al. (1997); Jiang and Sharp (2015); Moreira and Bravo-Ureta
(2010); Thiam et al. (2001) and among others.

2 Materials

2.1 Meta data
The application of meta-analysis framework needs important consideration by following a clear and rigorous

procedure to review the literature.
[1] Original studies were identi�ed through keyword searches (e.g., “Technical

E�ciency”, “Technical Progress”, “Crop”, “Crop Farming”, “Extension Policy”, “Extension Services”, “Agricultural
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Extension Measures” “Meta Analysis”). Published and non-published studies were searched in English between
January 1991 and August 2019 through ISI Web of Knowledge, Google Scholar, Scopus, and AgEcon
Search. Regarding present paper, a comprehensive review was conducted in the following peer-reviewed
journals: American J. of Ag. Econ.; World development; Australian J. of Ag. Econ.; Canadian J. of Ag. Econ.; European
J. of Operational Research; Eur Rev. Ag. Econ.; J. of Ag. and Applied Econ; J. of Ag. Econ.; Ecological Econ.; J. of Prod.

Analysis., Food Policy and other journals.
[2]

Given that the eligible studies report several technical e�ciency coe�cients for similar or different crop plant types, the

data under analysis include a total of 335 data entries.
[3]

Aggregated and temporal pattern on the variation of technical
e�ciency between income groups and type of crops are provided in Supplementary Materials (see Figure 9-14).

Since each study may contain multiple observations, the data has a nested hierarchical structure. The key future of
nested data is that observations within a study are more similar than the one from other studies (Galbraith et al.,
2010). Our data collection differs from Thiam et al. (2001) and Bravo-Ureta et al. (2007) who considered the average
technical e�ciency as a summary measure referring to the whole sample for any particular study. Visually inspecting
the regional spread of the eligible studies in Figure 2 reveals that a high number of studies targeting at extension
service programs is concentrated in Eastern Africa, Southern and Southeastern Asia and less so in South America,
Central America, Middle Africa, Northern America and Europe. This pattern is consonant with the so-called ‘information
commodi�cation’ trend of agricultural knowledge re�ecting a change towards the value placed on technology transfer
systems (Buttel, 1991). Unlike low-income countries suffering from under-investments in extension, low-middle and
especially middle-income countries have begun to invest in extension services as one strategy to reduce poverty by
generating incomes through training and information sharing (Rivera, 2001). This also supports the argument that the
implementation of agricultural extension programs target on individual group of farmers in speci�c spatial areas and
thus introducing a selection bias.

2.2 Relationship between agricultural extension and technical
e�ciency
Scholars have discussed a large set of factors, ranging from econometric techniques, choice of functional form, type
of data, mathematical programming techniques to number of observations potentially affecting the estimated
technical e�ciency (Bravo-Ureta et al., 2007; Thiam et al., 2001). Nevertheless, a key determinant largely neglected by
previous meta-analysis research is the effect of extension measures on technical e�ciency. Governments may support
farmers by offering extension services encompassing a wide array of communication and learning activities organized
by educators for farmers. Extension agents offer training to farmers on harvesting and conservation techniques,
application of new technologies, fertilizers and pesticides, technical instruction of plant production or agricultural
marketing. Associated with a strong social dimension, the workload of extension schemes has urged to become more
diversi�ed through the provision of socio-demographic guidance to maintain not only farmers income levels, but also
to safeguard rural livelihoods (Swanson, 2006a). Agricultural extension operates within a broader knowledge system
integrating research, agricultural training, and tailors down to harness agricultural-related technology, knowledge and
information to improve farm productivity (Rivera, 2001).

Evaluating extension activities on farm performance is perceived through the lens of two distinct concepts in the
production analysis theory. While its direct effect on the output is assessed through the inclusion of a separate input
factor in the production function, it can also serve as a determinant in the ine�ciency function to explain divergences



Page 6/23

in technical e�ciency among farmers (Dinar et al., 2007; Gebrehiwot, 2017). In this way, the effect of extension
services is assessed indirectly through the potential output gain.

Although, the relatively low number of studies in our sample using extension measure as input factor in the production
function does not allow to differentiate between these two concepts in our meta-regression analysis, we presume the
above mentioned condition to review the causal relationship between the direct effect of extension activities on farm
performance (see Figure 3).

From a methodology perspective, each approach is informative by itself, but constitutes limitations as the effect of
extension services is measured directly and indirectly on the performance of the farm. One could argue that these
approaches are equivalent under some conditions. In the Cobb-Douglas production function, for instance, Y = AKαLβEγ
where E denotes extension services representing an additional input besides capital K and labor L and supposing that
the new productivity term is B = AEγ leads to the production function Y = BKαLβ where productivity (or technical
e�ciency) term B covers the variable extension.

The meta-analysis creates a portal connecting information on the technical e�ciency to a large set of characteristics
from all relevant studies. Our primary aim is to determine the impact of extension services on the technical e�ciency
estimates when controlling for different crop plant types, model speci�cations, methodologies and study-speci�c
characteristics. With this is mind, our hypothesis to be investigated in this study can be summarized as following:

• Hypothesis: Extension has a positive effect on the technical e�ciency in crop farming studies

[1] Note that Meta Analysis of Economics Research (MAER) network provides helpful guidelines and recommendations
on how meta-analyses in the �eld of economics should comply with reporting protocols requirements (Stanley et al.,
2013).
[2] Grey literature relates to the realm of agriculture, economics, agricultural economics, productivity analysis or general
review articles.
[3] An overview on relevant information of the eligible studies is provided in Supplementary Materials. Moreover, we
develop an interactive web app to navigate the data information, see https://eussue.shinyapps. io/meta_analysis/.

3 Methods
Lacking information on the variance and the range of the estimated technical e�ciency in our sample impedes the
meta-regression analysis. A �rst solution to this problem is to estimate the variance of farm performance for those
studies reporting the mean, range, and sample size (Hozo et al., 2005). However, the amount of missing observations
in our data set still accounts for 6.3% after the variance estimation which might potentially lead to inaccurate
estimates. Deleting missing cases would only be preferable if these are missing completely at random (Rubin, 1976). A
frequently used strategy to mitigate the impact of missingness and the bias of estimates in meta-regression analysis
is multiple imputation method (Burgess et al., 2013; Higgins et al., 2008). Under the key assumption that observations
are not missing completely at random, the imputation model replaces missing observations with imputed values
(Rubin, 1976). To verify the underlying assumption of the imputation application, we perform Little (1988) test. The
latter is counter the hypothesis that observations are missing completely at random (pvalue < 0.001). Thus, we can
perform within-study imputation using predictive mean matching. It has been shown that predictive mean matching
preserves effectively the original distribution of the empirical data (Kleinke, 2017). This approach imputes actual
observed values from a pool of k > 0 values (i.e donor pool) with the most closest distance to the predicted value for
the missing case.[1]

https://eussue.shinyapps.io/meta_analysis/
https://eussue.shinyapps.io/meta_analysis/
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Running a total number of m = 100 imputed data set, we analyze each set separately and combine subsequently the
multiple imputed estimates according to Rubin’s rule. Plotted in Figure 4 is the original and imputed distribution of the
covariates including missing cases. It can be seen that the imputed distributions (i.e dashed line) largely overlap with
the original distribution (i.e solid line) establishing a su�cient degree of con�dence in the effectiveness of the multiple
imputation method.

To verify our hypothesis, we estimate a weighted least square meta-regression with estimated weight is estimated by
the inverse standard error of the technical e�ciency estimates for both complete case analysis and imputed data sets.
Alternatively, we run a model with weights equal to the inverse range of technical e�ciency estimates. Weighted
regression method corrects for heteroscedasticity by assigning adjusted weights for each relevant study, smaller
weights to studies are given large standard errors in technical e�ciency estimates and vice versa. To explain the
heterogeneity among the reported estimates, we control for withinstudy speci�c characteristics, regional disparities,
data characteristics, model speci�cation differences, and study �xed effects.

The speci�cation for the model is:

 (1)

where the dependent variable TE is the technical e�ciency as reported in the crop farming studies. Estimating Eq.1
with weights equal to the inverse standard errors of technical e�ciency estimates SE(TEi ), we assume that the error

term i is independently distributed with mean zero and variance 1/SE(TEi )2. Alternatively, we apply weights
corresponding to the inverse range of technical e�ciency estimates R(TEi ) implying that i is independently distributed

with mean zero and variance 1/SE(TEi )2. While the intercept α1 measures the mean effect size of the technical
e�ciency, our variable of interest is EXT denoting the inclusion of extension policy expressed as a dummy variable
whether the study employs agricultural extension measures. Zik entails the control variables and τit is study �xed
effects to rule out unobserved heterogeneity. Zik comprises the economic development from various income groups
under study (LIE, LMIE, MIE, UMIE, HI), type of crop plants (Crops1, Crops2, Crops3, Crops4, Crops5, Crops6, Crops7,
Crops8, Crops9), cross-sectional data (Type), number of observations (Obs), model speci�cation based on Data
Envelopment Analysis (DEA) and speci�cation of the production function (Other, CD, TL).

Based on World Bank (2016) country classi�cation by income level, we employ dichotomous variables to capture the
national economic development under study. We use a set of �ve dummy variables, low income economy (LIE), low-
middle-income (LMIE), middle-income (MIE), upper middle-income (UMIE) and high-income (HIE). The distribution of
the regional origin is illustrated in Supplementary Materials (Figure 7). With the largest proportion of studies in our
sample coming from LMIE, we choose this category as the reference in the meta-regression.

According to FAO (2012), we use the crop classi�cation to partition systematically the plant production types of the
relevant crop farming studies. Nine dummy variables–cereals (Crops1), vegetables and melons (Crops2), fruit and nuts
(Crops3), oil seed (Crops4), root and tuber (Crops5), beverage and species (Crops6), leguminous ( Crops7), sugar
(Crops8) and non-food (Crops9)–are employed with cereals representing the largest majority in our sample. The share
of crop types in our sample is displayed in Supplementary Materials (Figure 8). We merge three categories (Crops3,
Crops7 and Crops8) owing to low number of frequencies and we create a new dummy category denoted as
Miscellaneous.

The speci�cation of the production function is measured by three dummy variables where TL denotes the trans-log, CD
represents the Cobb-Douglas function (CD) and Other stands for other functional forms (served as the reference
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category).

Even though agricultural extension programs have been implemented intensively in lowmiddle-income countries in the
last years, crop types and extension services are interconnected and there is no standardization of extension that can
be used uniformly by different crop types. The substantial disparities in the technical e�ciency among distinct crop
types can be attributed to dissimilarities on the choice of extension activities. Extension service and the underlying
crop are mutually inclusive and hence the dissemination of certain modern technologies target only on a determined
crop type. To account for potential selection bias, we apply inverse probability of treatment weighting (IPTW) technique
to compare studies that include extension as a determinant into the technical ine�ciency model to those which do not.

IPTW relies on the computation of propensity scores – predicted likelihood of conditional treatment assignment on
observed characteristics– de�ned as ψ=P(EXT=1∣X) and typically estimated via logistic regression. We presume that
the likelihood of the implementation of extension program is conditional on the economic development of the region
under study and the type of crops. Whereas propensity score matching formulates matched sets of treated and non-
treated units sharing similar propensity scores, IPTW assigns greater weights to units in the control group which
resembles those in the treatment group (Austin and Stuart, 2015, Becker and Ichino, 2002). In case of a binary variable,

the inverse probability of treatment weight can be expressed as:  where EXT denotes
the inclusion of extension measures (treatment) in the study and ψ the propensity score of treatment assignment. The
main intuition of this approach is to make treatment (inclusion of extension services) and control groups (no-services)
more similar by using the full data set without restricting it only to the matched samples. Prior to presenting our meta-
regression results, we verify graphically and numerically whether a publication bias is apparent in the crop farming
studies used in the meta-analysis.

[1] An illustration and detailed explanation about the implementation of predictive mean matching in agricultural
research can be found in Lampach et al. (2019).

4 Publication Bias
There is a large degree of consent that the presence of biases in systematic reviews might in�uence the precision and
accuracy of the treatment effects. The fact that studies reporting relatively larger effect sizes have better tendancy to
be published in academic journals than those withx smaller effects and therefore have higher odds to end up in meta-
analysis is widely known as publication bias. Identifying the existence of the publication bias is crucial to draw
accurate conclusions from systematic reviews (Hang et al., 2017, Sutton et al., 2000). Funnel plots are helpful
graphical tools to spot unbiased samples. A symmetric-inverted funnel plot indicates that the deviations of the mean
technical e�ciency decline with increasing precision in their estimates (Lin and Chu, 2018). Figure 5 displays the
relationship between study size and technical e�ciency estimates to detect publication bias in the studies included in
the meta analysis.

We use the standard error on the vertical axis and the mean technical e�ciency estimate on the horizontal axis.
Detecting asymmetries hints to a publication bias. The precision in the estimation of the technical e�ciency is more
accurate as the size of the relevant crop farming studies increases. The results from small sample studies will
therefore scatter more widely while larger spread narrower around the overall effect (i.e solid line). 

Panel 5a and 5b point to the absence of publication bias. This result can be con�rmed by regression tests for funnel
plot asymmetries in meta-analysis. The Egger test performs a linear regression of the technical e�ciency estimates on
their standard errors. We cannot reject the null hypothesis that small studies have an effect in the meta-analysis
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(pvalue = 0.155 and pvalue = 0.178, respectively for both complete case and multiple imputation). We can be con�dent
that there is no evidence for the occurrence of publication bias in the reported estimates.

5 Estimation Results
Table 1 presents the baseline estimation results of the weighted least square meta-regression model. We report
clustered standard errors at the level of studies (Espey et al., 1997, Thiam et al., 2001). Column (Ia and IIc) and (Ib and
IId) present the estimates for the complete case analysis and imputed data set, respectively. Most of the parameters of
Model I and II are signi�cant at 5% level. Weighted R2 along with AIC and BIC point to model with complete case
analysis (I(a) and II(c)) as the best �t to the data.

Our empirical results manifest studies using extension measures achieve signi�cantly higher levels of e�ciency in
crop farming than those who do not. This result holds across all model speci�cation and con�rms our hypothesis.
Consonant with agricultural extension theory, our empirical results demonstrate a positive relationship between farm
extension activities and technical e�ciency with an effect size varying between 4.8% and 7.6%. This �nding lends
support for the argument that farmers could increase agricultural output from the contact of extension agents through
a better utilization of available resources given the recent condition of technology. Gains in output deduced from
improvement in productivity are crucial to food security in many countries where resources are scanty and the
opportunity of technology adoption is meager. Moreover, extension services do not only accelerate the information
dissemination process, but also enhance farmers’ managerial ability resulting in higher productivity (Asres et al., 2014;
Birkhaeuser et al., 1991; Evenson, 1997; Feder et al., 1999; Umali-Deininger, 1997). The effectiveness of extension work
may depend on farmer’s access to information, education, larger farm holdings and better access to markets. Since
information-intensive technologies require an increase demand in information diffusion systems, illiterate farmers
located in regions with inadequate physical infrastructures face di�culties in adopting new agricultural technologies
(Anderson and Feder, 2004; Asres et al., 2014).

Reported in Table 2 are the results from our meta-regression analysis applying IPTW technique for complete case
analysis. Agricultural extension services, though, remains positive and highly signi�cant when controlling for potential
endogeneity arising from sample selection bias. The same result holds, when we set different model speci�cations to
estimate the propensity scores (see Table 3 in the Supplementary Materials). Variations in the implementation of
extension programs, therefore, has the power to explain disparities in farm productivity. Even though the best model �t
in Table 3 appears to be Model (3), Figure 6 suggests that the largest overlap between treatment and control group is
given by Model (2) when speci�cally controlling for income groups in the logistic regression.

Signi�cant and positive effect is found for different crop types. While most of the estimates are negative and not
signi�cant, studies for vegetables and melons (Crops3) produce higher estimates than those for cereals production
across all model speci�cations. We argue that this result appears reasonable owing to their higher value per acre
(Fernandez-Cornejo, 1994). Another reason might be that vegetable production in controlled-environment – a
technology-approach applied in many upper-middle and high-income countries– enables farmers to manage the
growing environment for improved yield and quality. In contrast to controlled-environment agriculture, crop production
in open �eld is adversely affected by water shortage and extreme weather events (Salisbury and Bugbee, 1988). With
respect to the low degree of diversi�cation and the poor technical e�ciency of other crops, this can have substantial
consequences on farmers’ livelihood. Evidence has shown a strong association between degree of diversi�cation and
productivity in crop farming (Ogundari, 2013; Manjunatha et al., 2013; Mkhabela, 2005). The e�ciency in the use of
resources might lead to reduced system diversity and thus endanger resilience. Higher degree of crop diversi�cation
would enhance the resilience, albeit farmers would end up with lower levels of productivity due to poor technical
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e�ciency of other crops. This trade-off between e�ciency in the resource use and land-use diversity might indirectly
in�uence farmers’ cropping decision and consequently farm performance.

Contrary to the �ndings of Thiam et al. (2001) and Bravo-Ureta et al. (2007), our empirical results reveal that studies in
high-income countries achieve higher technical e�ciency estimates than the group of low-middle. Divergences are
likely to be attributed to different operationalization of the regional origin variable and the sample size employed in the
meta-regression analysis. Our �nding is congruent with the common trend in investments of agricultural R&D and
extension. While the spending gap between rich and poor countries widened steadily from 1980 until 2011, low-income
countries failed to align with growth of other parts in the globe, such that their share of global public expenses
diminishes dramatically over the past half century in agricultural research and extension services (Pardey et al., 2018).
The association of dysfunctional agricultural extension systems and low levels of technical e�ciencies in low-income
countries has been extensively reported by the developing and agricultural economics literature (Anderson and Feder,
2004, Birkhaeuser et al., 1991, Rivera, 2001, Rivera et al., 2002, Swanson, 2006b).

The coe�cient of cross-sectional studies (Type) is negative and statistically signi�cant in Table 3 indicating that cross-
sectional studies produce lower estimates than longitudinal studies. The coe�cient of DEA is positive and signi�cant
in Table 1 and 2 suggesting that studies employing deterministic models achieve higher technical e�ciency estimates
than stochastic ones. Both �ndings are similar to those reported by Thiam et al. (2001) and Bravo-Ureta et al. (2007).

The effect of the functional form on farm performance displays mixed results across all employed models (the
reference category for this group is other). While the trans-log estimation is positive and signi�cant in all model
speci�cations in Table 1 and 3 and the Cobb-Douglas is not, our �ndings diverges from Ahmad and Bravo-Ureta
(1996), Bravo-Ureta et al. (2007), Resti (2000) and Thiam et al. (2001) who found that studies using Cobb-Douglas
function yield higher technical e�ciency estimates compared to those applying other functional forms. Consistent with
Thiam et al. (2001), we �nd a positive and non-signi�cant effect for the number of observations (i.e expressed in log).

6 Summary And Conclusion
The empirically literature on the effect of extension activities on farm productivity, agricultural growth and technical
e�ciency is fragmented and suffers from methodological �aws in identifying the direct causal relationship. We apply
a meta-regression analysis by using a sample of 335 observations from 199 farm level studies to untangle the
relationship between these two constructs. The numerical and graphical assessment reveal no presence of publication
bias of the eligible studies included in the meta-analysis. Applying the inverse probability of treatment weighting to rule
out selection bias, our �ndings lend support for our hypothesis that extension programs have a signi�cant and positive
impact on crop farming e�ciency. Hence, extension helps to reduce the technical ine�ciency gap. Another important
result points out signi�cant differences among crop types suggesting that studies for vegetables and melons yield
higher level of productivity compared to cereals. Our �ndings are robust when accounting for missing observations in
our data set by the means of multiple imputation method. While the methodology proposed in this paper can serve as
a basis to review the effect of agricultural extension services on the technical e�ciency, it is also �exible enough to be
applied to distinct agricultural output measures and production systems.

These results have implications not only for evaluating farm productivity in crop farming, but also for designing
effective agricultural extension programs to increase the e�ciency in the use of available resources. Agricultural
policies can rely on extension services to improve farm productivity by conveying information from local research to
farmers. Our �ndings indicate that extension facilitate a shift to more e�cient production methods and reduces
management gaps. Highest marginal returns of public investments in agricultural extension services are most likely to
be generated for production systems with low level of technical e�ciency in early stages. While the highest level of
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productivity was obtained by vegetable production, it does though represent a very tiny proportion of the world’s
cultivated surface. However, there is a trade-off between the e�ciency in the resource use and the degree of crop
diversi�cation. Although cereals production yield second best e�ciency estimates in our meta-regression analysis, the
large use of land for cereal production accelerates loss of agricultural biodiversity and reduced land cover diversity
which makes farmers more vulnerable to climate change, natural hazards, pests and diseases. Nevertheless, a higher
degree of crop diversi�cation enhance the resilience but might also drive to a higher level of technical ine�ciency.
Investing in extension services may help to overcome this trade-off by training farmer’s managerial ability to increase
the technical e�ciency in cultivating distinct crops. Policies aiming to enhance resilience by intensifying crop diversity
may use extension services to foster the productivity of other crops.

The effectiveness of agricultural extension services can be limited by institutional factors and constraints at the supply
side over which extension management has simply no leverage. Regions with lower literacy rates, limited education,
poor physical infrastructure and unfavorable market conditions cope with greater di�culties in bene�ting of extension
services and in adopting new technologies. Further research is needed to design and provide extension services to
farmers in these less favorable environments around the world.
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Tables
Table 1: Weighted least square meta-regression analysis with complete case and multiple imputation 
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Inverse Standard Errors Inverse Range

Complete Case (Ia) Imputation (Ib) Complete Case (IIc) Imputation (IId)

Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error

Constant 0.390 0.121∗∗∗ 0.469 0.128∗∗∗ 0.285 0.139∗∗ 0.469 0.141∗∗∗

Extension
services (β1)

0.065 0.027∗∗ 0.048 0.029∗∗ 0.076 0.029∗∗∗ 0.048 0.024∗∗

Vegetables
and melons
(Crops2)

0.274 0.135∗∗ 0.285 0.134∗∗ 0.266 0.13∗∗ 0.285 0.128∗∗

Oil seed
(Crops4)

-0.020 0.025 -0.025 0.028 -0.015 0.022 -0.025 0.025

Root/Tuber
(Crops5)

-0.024 0.041 -0.023 0.046 -0.024 0.034 -0.023 0.041

Beverage and
species
(Crops6)

-0.047 0.105 -0.012 0.094 -0.041 0.105 -0.012 0.088

Non-food
(Crops9)

-0.031 0.041 -0.033 0.046 -0.029 0.034 -0.033 0.041

Miscellaneous
(Crops10)

-0.018 0.05 -0.027 0.054 -0.005 0.045 -0.027 0.051

Low income
economy (LIE)

-0.141 0.069∗∗ -0.128 0.067∗∗ -0.136 0.067∗∗ -0.128 0.062∗∗

Middle
income
economy
(MIE)

-0.028 0.036 -0.026 0.03 -0.019 0.042 -0.026 0.033

Upper middle
income
economy
(UMIE)

-0.079 0.02∗∗∗ -0.080 0.018∗∗∗ -0.069 0.015∗∗∗ -0.080 0.013∗∗∗

High income
economy (HI)

0.399 0.069∗∗∗ 0.401 0.071∗∗∗ 0.408 0.065∗∗∗ 0.401 0.067∗∗∗

Data
envelopment
analysis
(DEA)

0.153 0.082∗ 0.116 0.059∗∗ 0.151 0.08∗ 0.116 0.053∗∗

Cross-
sectional data
(TYPE)

-0.121 0.074 -0.100 0.058∗ -0.107 0.077 -0.100 0.057∗

Number of
observations
(OBS)

0.015 0.012 0.004 0.015 0.030 0.015∗ 0.004 0.017

Cobb-Douglas
function
(CDD)

0.011 0.14 -0.031 0.127 0.033 0.137 -0.031 0.122

Trans-log 0.179 0.081∗∗ 0.140 0.055∗∗∗ 0.182 0.081∗∗ 0.140 0.05∗∗∗
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function (TF)

FE Study/Year Yes Yes Yes Yes

Observations 314 335 314 335

Weighted R2 0.808 0.790 0.815 0.804

AIC -417.181 -276.93 -429.578 -295.76

BIC 347.696 578.48 335.298 559.65

Note. ∗p<0.1;∗∗p<0.05; ∗∗∗p<0.01

Cluster robust standard errors at the study/year level are given in parentheses

Reference category for country classi�cation = Lower-Middle Income Economy (LMIE)

Reference category for crop classi�cation = Cereals (Crop1)

Reference category for speci�cation of production function = Other Functional Form (Other) 

Table 2: Effect of agricultural extension on technical e�ciency using inverse propensity score weighting technique and
complete case analysis
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  Model (1) Model (2) Model (3)

  Estimate Std. Error Estimate Std. Error Estimate Std. Error

Constant 0.434 0.133∗∗∗ 0.467 0.123∗∗∗ 0.542 0.128∗∗∗

Extension services (β1) 0.064 0.030∗∗ 0.072 0.028∗∗ 0.054 0.031∗

Vegetables and Melons (Crops2) 0.286 0.142∗∗ 0.255 0.144∗ 0.269 0.140∗

Oil seed (Crops4) -0.026 0.026 -0.035 0.028 -0.048 0.030

Tuber/root (Crops5) -0.026 0.043 -0.048 0.039 -0.051 0.044

Beverages and species (Crops6) -0.053 0.110 -0.104 0.105 -0.095 0.107

Non-food (Crops9) -0.035 0.044 -0.056 0.040 -0.061 0.045

Miscellaneous (Crops10) -0.039 0.055 -0.043 0.053 -0.055 0.057

Low income economy (LIE) -0.139 0.075∗ -0.163 0.071∗∗ -0.163 0.073∗∗

Middle income economy (MIE) -0.041 0.041 -0.036 0.038 -0.039 0.035

Upper middle income economy (UMIE) -0.089 0.025∗∗∗ -0.083 0.021∗∗∗ -0.086 0.022∗∗∗

High income economy (HIE) 0.397 0.075∗∗∗ 0.386 0.07∗∗∗ 0.384 0.073∗∗∗

Data envelopment analysis (DEA) 0.200 0.083∗∗ 0.194 0.083∗∗ 0.181 0.084∗∗

Cross-sectional data (TYPE) -0.144 0.079∗ -0.166 0.078∗∗ -0.162 0.077∗∗

Number of observations (OBS) 0.007 0.012 0.008 0.012 -0.002 0.014

Cobb-Douglas function (CDD) 0.020 0.141 0.024 0.144 -0.004 0.139

Trans-log function (TF) 0.202 0.076∗∗∗ 0.197 0.076∗∗ 0.189 0.078∗∗

FE Study/Year Yes Yes Yes

Observations 314 314 314

Weighted R2 0.803 0.797 0.788

AIC -352.906 -359.682 -357.530

BIC 411.976 405.194 407.346

Note. ∗p<0.1;∗∗p<0.05; ∗∗∗p<0.01

Cluster robust standard errors at the study/year level are given in parentheses

Reference category for country classi�cation = Lower-Middle Income Economy (LMIE)

Reference category for crop classi�cation = Cereals (Crop1)

Reference category for speci�cation of production function = Other Functional Form (Other)
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Figures

Figure 1

Saliency of agricultural extension in government spending and scienti�c articles using google search hits Note.
Government expenditures in R&D is provided by FAO statistics
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Figure 2

Geographical distribution of crop studies in meta-analysis Note. Redish and blueish dots capture farm studies
excluding and including agricultural extension programs, respectively. Size of the dots denotes the average technical
e�ciency. Open the shiny web app https://eussue.shinyapps.io/meta_analysis/ in mozilla browser for interactive
mode. Customized crop icons are placed on the centroid of the country under study, as large majority does not report
explicitly study area.
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Figure 3

Causal paths of agricultural extension and technical e�ciency

Figure 4
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Distribution of original and imputed values using predictive mean matching Note. Dotted and dashed line denote the
original and imputed distribution, respectively

Figure 5

Funnel Plot with con�dence intervals Note. Dots represents the observed effect sizes. The solid vertical line denotes the
overall mean effect of the technical e�ciency applying �xed effects weighted regression. From inside to outside, the
dashed lines limit the 90%, 95%, and 99% con�dence intervals.

Figure 6
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Distribution of propensity scores across models
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