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Abstract

Maize is a staple food and one of the important sources of starch for many households. However, maize yield in Nige-
ria remains one of the lowest in sub-Saharan Africa. Providing agricultural credit to farmers cannot be disregarded
because it has a significant impact on maize productivity. As a result of this capital investment through social capital
networks is needed to improve maize productivity. This study investigated the impact of participation in social capital
networks on the technical efficiency of maize producers in Southwestern Nigeria. The multistage sampling proce-
dure was to select about 300 respondents for the study. The data were analysed using Hurdle Negative Binomial
(HNB) and Endogeneity Stochastic Frontier models. According to the first hurdle result, the decision to join social
capital networks is significantly influenced by age, age square, household size, gender, and access to credit. Accord-
ing to the second hurdle results, the level of participation in social capital networks is significantly influenced by age,
age squared, household size, experience, gender, and access to credit. The Endogeneity Stochastic frontier model
shows that the average technical efficiency of 65% in maize production. Maize seed, fertilizer, agrochemicals, labour,
and farm size influence the technical efficiency of maize farmers. However, participation in social capital networks,

as well as socioeconomic characteristics of the farmers including household size, years of education, years of experi-
ence, and extension contact, are the sources of technical inefficiencies in maize production. The study concludes
that participation in social capital networks has a positive and significant effect on the technical efficiency of maize
farmers. This study recommends that agricultural programmes targeted at efficient maize production should consider
maize farmers participating in social groups. Therefore, more social capital networks should be established and par-
ticipation of maize farmers in the social capital networks should be encouraged to access social capital and improve
their production.
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Introduction

Maize is a crop of notable interest for food security in
many parts of sub-Saharan Africa (SSA) (Kehinde and
Tijani 2022); [1-3]. As in other countries of SSA, maize
is an important crop in Nigeria, where it is largely cul-
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they produce a substantial percentage of food consumed
by Nigerians, particularly maize crops. Maize is one of
the important grains in Nigeria, not only based on the
number of farmers that are engaged in its cultivation, but
also on its economic value [9, 10]. It is by far the largest
cereal crop in terms of area and production volume and
is the most consumed staple food in Nigeria [5]. Nige-
ria is tagged the largest maize producer accounting for
16% of harvest in the continent [11]. Similarly, Nigeria is
the largest African producer of maize with over 33 mil-
lion tons, followed by South Africa, Egypt, and Ethiopia
[11, 12]. In 2019, maize production in Nigeria was 11,000
million tonnes [13]. In addition to vitamins A and C, it is
an excellent source of protein, vitamin B, minerals, and
carbohydrates for individuals. [14]. Apart from cook-
ing or producing raw food for human consumption, it
also produces processed feed for animals, especially cat-
tle [15, 16]. Despite the economic importance of maize,
Nigeria could not meet maize demand for its teeming
population, livestock and poultry feed industries [17].
Available statistics revealed that Nigeria imported about
215,000 tonnes of maize as of 2016 [18]. Also, in 2020,
maize worth 54,685 (thousand US dollars) was imported
into Nigeria [19]. This poses a serious threat to the social
and economic status of small-scale farmers (Kehinde and
Tijani 2022).

Nigeria is currently churning out about 10.5 million
metric tons per annum with a demand of 15 million met-
ric tons, leaving a supply—demand gap of 4.5 million tons
per annum [15, 20]. The demand-supply gap, has a signif-
icant impact on the capacity of maize to end hunger and
achieve food security [21]. Nigerian maize production is
characterized mostly by its poor yield, which is thought
to be the cause of the discrepancy [22]. Many factors con-
tribute to low maize yields, including poor soil and land
management practices, unfavourable climate change,
a lack of farm tools, high input costs, resistance to new
technology, a lack of improved varieties, and the presence
of pests and diseases [23, 24]. Nevertheless, farm pro-
duction can be increased by utilizing existing technology
more effectively or introducing new ones [25]. In light of
the aforementioned, the government focused its efforts
on developing and disseminating new technologies
through the National Maize Research Programs and the
International Institute for Tropical Agriculture (IITA) to
assist maize farmers in maximizing the potential of maize
production. Despite these concerted efforts, the aver-
age maize production in Nigeria (1.6 t ha™) is still much
less than projected (5.1 t ha™') when compared to other
countries in the world where maize is grown [135]. This
may be explained by the fact that effective use of produc-
tive resources is necessary for them to function at their
highest levels of production. This implies that increasing

Page 2 of 19

maize production in Nigeria depends on the ability of
farmers to efficiently integrate the available resources or
their technological prowess.

According to available studies, maize farmers in Nige-
ria are inefficient at allocating or combining resources for
maize production [26-29]. The main cause of the inef-
ficient use of productive resources is a lack of financial
resources to cover these costs [30-32]. To these farmers,
access to credit is a key complementary input to suc-
cess in maize production. Providing credit for farmers is
one of the tools used to build the productive capacity of
farmers so that they can efficiently produce and contrib-
ute to the economy of the country [33, 34]. Credit allows
producers to have the necessary resources they need to
cover the financing needs induced by the production
cycle. Farmers are particularly in need of agricultural
credit, because of the seasonal pattern of their activi-
ties and the important uncertainty they are facing [35].
The reasons for limited access to agricultural credit from
formal sources are that, each credit source has its con-
straints that limit either the ability of a farmer to obtain
credit from the source or the amount of credit the farmer
wishes to borrow. For instance, Owusu-Antwi and Antwi
[36] state that formal financial markets often require col-
lateral in the form of land or houses as a prerequisite for
granting loans to borrowers which are often out of reach
of the majority of the farming population. As a result,
most poor smallholders are often unable to invest in new
technologies or inputs such as fertilizer, improved seeds,
etc. [37, 38].

However, the farmers can finance these investments
by utilizing their social capital [39, 40]. Thus, a perceived
alternative for raising financial capital needed for trans-
forming the available natural resources into physical
assets is through the construction of social capital. This
includes benefits accrued to individuals by membership
and participation in the activities of social capital net-
works. Social capital is a series of processes of human
relations that are supported by networks, norms and
trust that enable efficiency and effectiveness of coordina-
tion and cooperation for mutual benefit [40]. Social capi-
tal can be best understood as a means or a process for
accessing various forms of resources and support through
networks of social relations. Social capital is an intangi-
ble livelihood asset in agricultural production that plays
a key role in sharing information and resources [41, 138].
Social capital reduces transaction costs through social
collateral to access credit and another productive asset
to improve efficiency in agricultural production [42].
This is achieved by the ability of the poor to access credit
based on social collateral through the social networks to
which they belong to replace physical collateral. It creates
avenues for individuals to improve performance through
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collective efforts or social relationships with friends, col-
leagues, or families to explore opportunities to use col-
lective financial and human capital. The availability of
social capital allows greater use of purchased inputs,
which increases farmers’ production and subsequently
their income. Specifically, access to social capital enables
maize farmers to: undertake efficient land preparation,
purchase farm inputs, adoption of improved technologies
and on-farm technical efficiency [43-48]. Thus, without
access to social capital, optimal agricultural productivity
might not be realized [49]. Social capital, therefore, can
improve the technical efficiency of maize producers.
However, several empirical studies, including those by
Abdulai et al. [50], Adhikari et al. [51], Payang et al. [52],
Ali et al. [139], Belete [53], Mdoda et al. [54], Kongolo
[55], and Wu et al. [56], have assessed the technical effi-
ciency of maize production in Nigeria. Similar research
has been done on the impact of social capital on income
[57, 58], productivity [41, 59], alleviating poverty [60, 61],
technology adoption [62, 63, 140] and food security [64—
67]. None of these studies investigated the participation
in social capital networks while evaluating the technical
efficiency of maize producers. A few studies (for instance,
[68]) investigated the impact of social capital on the tech-
nical efficiency of farmers without taking into account
the endogeneity nature of social capital. On the other
hand, if the endogeneity of social capital is not taken into
consideration, the characteristics and assets of friends,
acquaintances, and organizations may influence indi-
vidual findings, leading to biased or inconsistent assess-
ments. This methodological issue might lead to incorrect
findings concerning the relationship between participa-
tion in social capital networks and the technical efficiency
of maize producers. Therefore, this present study is con-
ducted to fill this gap in the literature. In line with the
economic theory of production, investigating the endo-
geneity impact of participation in social capital networks
on the technical efficiency of maize farmers is the main
objective to be explored in the study. In an attempt to do
this, the study provided answers to the following research
questions: what are the socioeconomic characteristics of
maize farmers by participation in social capital networks?
What are the factors affecting the probability and level of
participation of maize farmers in social capital networks?
and What is the impact of participation in social capital
networks on the technical efficiency of maize farmers?
These findings will enable academics and other society’s
actors such as policymakers to obtain adequate, sufficient
and reliable data for analysis geared towards meaningful
policy formulation for maize production in Nigeria. The
study will also make a major contribution to the exist-
ing literature on social capital networks. The remainder
of this paper is organized as follows. The second section
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reviews the literature. The third section elaborates on the
data and method employed in the analysis. The fourth
section is the finding and discussion. The last section is
the conclusion.

Literature review

A framework for this study is based on the economic the-
ory of production, as used by the majority of agricultural
technical efficiency studies. Putting it simply, efficiency
is the absence of waste in the accomplishment of a farm
firm’s goal. Economists have developed many efficiency
theories based on the idea of “no waste” All efficiency
assessments, however, are based on the fundamental idea
of the quantity of goods and services per unit of input. If
a production unit produces too little given a set of inputs,
it is technically inefficient. The classical approach and the
frontier approach are the two basic ways to evaluate effi-
ciency. The conventional method, known as single-factor
productivity, is based on the ratio of output to a specific
input. In reaction to their frustration with the shortcom-
ings of the traditional methodology, economists created
modern econometric approaches for analysing efficiency.
According to the frontier measure of efficiency, efficient
firms are considered to operate at the production fron-
tier. Efficiency is dependent on the degree to which a firm
departs from its production frontier. Efficiency is the
state in which the economy produces goods and services
at the lowest possible price, according to Case et al. [141].
Therefore, the relative effectiveness of the processes used
to convert given inputs into outputs is the main focus
of the idea of efficiency. At least three different levels
of efficiency are identified by Farrell’s economic theory
[69]. Technical, economic, and allocative efficiency are
involved. Allocating efficiency is the process of decid-
ing which inputs are the best fit given the relative factor
prices. In other words, allocative efficiency refers to the
ability of the firm to utilize its inputs in the most effec-
tive combinations, given their costs. Technical efficiency
demonstrates the capacity of the firm to use the “best
practice” within a specific industry, requiring the least
amount of a given set of inputs to achieve the best output
level [70]. Economic efficiency is a result of both alloca-
tive and technological efficiency. Therefore, the farmer
seeks to produce as much as possible for the smallest
possible cost.

Farms aim to accomplish these objectives by increas-
ing output at a certain level of cost or decreasing cost
at a certain level of output. The distribution of inputs
and the choice of technology in these two optimiza-
tion issues are both governed by the same strategy.
There are numerous ways to achieve production goals,
thus the production theory provides the theoreti-
cal and empirical framework to assist in selecting the
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best alternative among the available options for any
one goal of the farmer, or for a set of goals. Economists
contend that prioritization should take into account
the need to maximize efficiency when working with
limited resources. Decision-makers frequently strug-
gle to strike a balance between the growing demand
for various services and the available resources. In
1957, Farrell asserted that the firm’s efficiency could be
determined empirically and provided a ground-break-
ing approach for gauging the efficiency frontier using
actual production measures. The nature and purported
characteristics of the gap between the observed pro-
duction and the ideal production can be used to cat-
egorize the frontier estimate methods in addition to
the frontier’s intended shape and the estimation tech-
nique used to obtain it. The categorization based on
the frontier form allows for differentiation to be made
between parametric and nonparametric methodolo-
gies. The efficiency of a farm can be determined using a
variety of parametric and nonparametric methods, with
the main difference being the assumptions of residue.
A production or cost frontier will be parametric if we
employ a deterministic functional form (Cobb—Doug-
las, Translog, etc.) and assume that any discrepancy
between the estimated function and the data is brought
on by the producer’s inefficiency. If a producer’s inef-
ficiency and a few unpredictable random events are
both contributing elements in a frontier gap, that dis-
crepancy is said to be stochastic. In contrast to non-
parametric approaches, which place less structure on
the frontier but presume the absence of random mis-
takes, parametric approaches impose a functional form
that takes the shape of the frontier. The parametric
technique (Cobb—Douglass, CES, Translog, etc.) yields
a function with discrete parameters. The parametric
technique presents a function with stated parameters,
according to Aigner et al. [71]. Many econometric and
non-econometric methods can be used to estimate the
production or cost border parameters in the case of a
parametric function, such as the least-squares method
or the maximum likelihood method. Data envelopment
analysis (DEA) [72] and the stochastic frontier produc-
tion function approach [71, 73] are the two methods
that are most frequently used to determine technical
efficiency. In agricultural production, where data are
anticipated to be significantly impacted by systematic
errors brought on by weather, climate change, diseases,
etc., the stochastic frontier technique is thought to be
more suitable than the DEA approach. The stochastic
frontier production function was first proposed in 1977
by Aigner et al. and again in 1988 by Meeusen et al. The
original specification contained a production function
with cross-sectional data requirements and an error
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term with two components, one for random effects and
the other for technical inefficiency.

The stochastic frontier production function, accord-
ing to Battese [74], can be written as the following
equation:

Yi = f(xi; B) exp(vi — uy), (1)

where i=1, 2,..., N and Y] indicate the potential output
level for the ith sample unit; f(x;; B) is an appropriate
function (such as Cobb—Douglas or Translog) of the vec-
tor, x; of inputs for the ith unit, and a vector; is a vector
of estimated parameters; and N denotes how many units
were included in the cross-sectional survey. The phrase
“stochastic frontier” refers to the property of this model
where the probability of production Y; is above bound
by the stochastic quantity f(x;) exp(V;). In addition, V;
is the symmetric error term that accounts for random
variations in output brought on by external variables like
weather, disease, bad luck, and measurement error, while
U represents technical inefficiency in relation to the sto-
chastic frontier, which only accepts positive values. The
assumption is that the distribution of the symmetric
error component V has the form N (0, 85) However, it is
assumed that the distribution of the one-sided compo-
nent # is half normally distributed (z>0) as N (O, 55) and
thus measures production shortfalls from its hypothetical
maximum level. If #=0, the farm is efficient and operat-
ing at a profit or producing below the frontier function;
the distance between Y; and Y* indicates the degree of
the farmers’ technical inefficiency [75]. If u >0, the farm
is inefficient and operating at a loss. Therefore, the farm
becomes more inefficient the larger the one-sided error
is.

According to current technology, a single producing
unit’s technical efficiency is defined in terms of the ratio
of observed output to equivalent frontier output [75]. The
unit s technical efficiency is therefore expressed by the
following sentence in terms of the stochastic frontier pro-
duction function:

TE; = exp(—uy), (2)

_Yi S B exp(vi — ui) 3
YF G B) exp(Vi) = exp(—U;)| ®)

TE,

Y, is an observed output and Y; is the frontier out-

put. (x;; B), and V; are as defined earlier. In this case, Y;
achieves its maximum value of f(x;; B8)exp(V;) if and
only if TE;=1. Otherwise, TE;<1 provides a measure of
the shortfall of observed output from the maximum fea-
sible output in an environment characterized by stochas-

tic elements that vary across producers.
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The stochastic frontier production model has been
widely used in agricultural research to determine how
technically efficient, the farmers are. For instance, Bam-
laku et al. [76] looked at the technical efficiency of farm-
ers. While access to credit, literacy, close proximity to
markets, and livestock are found to have positive and
significant effects, age, sex, extension services, and off-
farm activities are found to have little to no impact on
the technical efficiency of farmers. Additionally, Endrias
et al. [77] examined the technical efficiency of maize pro-
ducers. Agroecology, oxen holding, farm size, and usage
of modified maize varieties are found to be important
predictors of technical efficiency, while age, education,
family size, and loan access are found to be minor deter-
minants. The primary problem with the study, however, is
the choice of the input variables and dependent variables.
The majority of research fails to take into account impor-
tant inputs like seed, compost, herbicides, and insecti-
cides in the choice of input variables, which could result
in the wrong conclusion. This research can still solve
some of the flaws of the preceding research by carefully
examining the potential input and external variables. Fur-
thermore, if the model has an endogeneity problem, the
standard maximum likelihood estimation for stochastic
frontier models (SFMs) produces contradictory param-
eter estimates. This necessitates using the appropriate
instrumental variable (IV) strategy to solve the endoge-
neity issue. One common approach to solving this prob-
lem is to first maximize the related log-likelihood before
modelling the combined distribution of the left-side vari-
able and endogenous variables. The error term in SFMs
has unique characteristics, making this task more chal-
lenging than it would be in normal maximum likelihood
models that only incorporate two-sided error terms.

Material and methods

Area of study

This study was conducted in the southwest of Nige-
ria (Fig. 1). A geographical region known as South-
western Nigeria is located between latitudes 6° 21 N
and 8° 37" N and longitudes 2° 31" E and 6° 00" E. The
region’s boundaries are defined by the States of Kogi and
Kwara in the North, the Atlantic Ocean in the South, the
Republic of Benin in the West, and the States of Edo and
Delta in the East. It has a population of about 27,581,992.
Even within the same State, there are many dialects, yet
Yoruba is the language that is used most frequently in
the region. The dry season and the wet season are two
separate climatic seasons. A long-wet season that lasts
from March to October contrasts with a shorter dry sea-
son that lasts from November to March. Temperatures
range from 21.0 to 34.0 °C, with annual precipitation
amounts between 1500 and 3000 mm. Due to the good
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temperature and soil conditions, more than 70% of the
inhabitants decided to pursue farming. There are per-
manent and food crops grown. The environment is ideal
for growing crops including maize, yams, cassava, millet,
rice, plantains, cashews, and cocoa.

Sampling procedure

A multistage sampling method was used to select
respondents for the study. The first stage was the sim-
ple random selection of two (2) States from Southwest
Nigeria. These States are the Ondo and Osun States. The
second stage involved the purposive selection of three
(3) Local Government Areas (LGAs) from each selected
State based on the concentration of maize production
in the State. The third stage entailed a simple random
selection of five (5) villages from a list of maize-growing
communities of each LGA. In the fourth stage, ten maize
farmers were selected from each village using simple ran-
dom sampling. The sample size of the study is about 300
maize farmers.

Estimation procedure

Firstly, descriptive statistics was used to describe the
socioeconomic characteristics of the cocoa farmers.
Then, the data were analysed using the Hurdle negative
binomial model, and the Endogeneity stochastic frontier
model.

Hurdle negative binomial model

The Hurdle Negative Binomial (HNB) model was used
to determine the probability of farmers participating in
social capital networks and the level of their participation
in social capital networks. The decision to join a social
group and the number of social capital networks in which
maize farmers participate are used as proxies for the
probability of participation and level of participation in
social capital networks, respectively. The model was used
because of the features of the data captured in the objec-
tives of the study. The second hurdle uses a count variable
with an extremely large zero-inflated distribution as the
dependent variable. Following Adekunle et al. [78], the
HNB model incorporates both binary choice models like
the probit model and zero-truncated negative binomial
(ZTNB) models, which investigate the variables influenc-
ing the probability of participation and level of participa-
tion in social capital networks, respectively. However, the
two objectives are not estimated simultaneously.

When expressed, HNB models look like this (Eq. 4):

N Binomial(rr) y=0
P(Y =y) = {ZTNB(M)(I -n)y=1,23.N"

(4)
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Fig. 1 Map of Southwestern Nigeria showing the study areas (Source: Google Map, 2019 Accessed from https://www.researchgate.net/figure/
Map-of-Southwest-States-Nigeria-Sourcearticlesapuborgsors_fig1_3226616026/5/2019)

A binary choice model uses a binary outcome of 0 or 1
to determine the first hurdle; if the outcome is larger than
0, the ‘Hurdle’ is then passed to the second hurdle, which
is determined by ZTNB.

Following Adeyemo and Kehinde [15], the probit ele-
ment of the model is defined as follows (Eq. 5):

_1-¢g@©

f0) =100

h(y) ify;>1; g(0) ify=0,

(5)
where the probability g(0) determines the zeros, and the
probability function 4(y|y > 0) =h(y)/{1 — h(0)} determines
the positive counts. To ensure that the probabilities add
up to one, a truncated probability function is multiplied
by “{1—g(0)},” which indicates the likelihood of passing
the hurdle.

The zero-truncated negative binomial model was
employed in the second hurdle to account for overdisper-
sion brought on by unobserved heterogeneity.

The contribution to the likelihood (Eq. 6) is

d;
1 , (6)

where d; represents whether farmers i successfully over-
come the obstacle. The maximization technique can be
broken down into two steps, presuming that both func-
tions are independent conditional on covariables. First,
a binary model with d; as the dependent variable can be

h(y)

i =g x [{1 —£0} 5

maximized using the entire sample. Second, a reduced
regression can be used to estimate the parameters of 4
separately using only observations with positive counts.

Endogeneity stochastic frontier model
The endogeneity stochastic frontier model was adopted
to determine the impact of participation in social capi-
tal networks on the technical efficiency of maize pro-
ducers. It is noteworthy to mention that, in contrast
to the conventional control function techniques that
involve two-stage estimations as employed by Abdulai
and Abdulai [79] and Khanal et al. [80], the model uti-
lized in this investigation estimates the parameters in a
solitary stage. This model conveniently takes into account
random errors that are outside the control of farmers as
well as measurement inaccuracies. The stochastic fron-
tier estimation strategy is thoroughly documented in the
literature.

Using Aigner et al. [71] as a guide, the implicit state-
ment of the Cobb—Douglas functional form of the sto-
chastic frontier model was as follows (Eq. 7):

InY; = BilnX; + (Vi + Uy), (7)

where Y; is the output of the ith maize farmer, X; is the
input quantities of the ith maize farmer, f5 is the unknown
parameters to be estimated, V; is random error which is
independent of the U,, and U, is a non-negative random
variable called technical inefficiency. The value of U; may
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be obtained from the observable value of V,— U, with the
assumption that the composed error V;— U, is known and
is the best predictor for technical efficiency. The techni-
cal efficiency of an individual maize farmer is defined as
the ratio of the observed output to the corresponding
frontier output, conditional on the level of input used by
the farmer.

The component of the model representing technical
inefficiency is represented as follows (Eq. 8):

g =Vi—U,. (8)

The error component v; is a pure random component
which accounts for factors beyond the farmers’ control
and omitted variables with measurement error; u; is the
systematic and non-negative component accounting for
inefficiency.

The corresponding output-oriented technical efficiency
measure is expressed as (Eq. 9):

TE; = exp(—u;) € |0, 1]. (9)

The increase in output for maize farmers TE would be
expressed in Eq. (9) depending on the degree of input
used. In this instance; however, it is assumed that there is
no connection between predetermined variables and the
stochastic error of the model, therefore the estimation is
unaffected by simultaneous equation bias.

It is presumable that #; has a half-normal distribution
and that v; has a normal distribution (Eq. 10):

Thus, cov(v;u;) = 0. (10)

If either of these conditions are violated then the MLE
will be biased and most likely inconsistent. Yet, it is not
difficult to think of the presence of endogeneity in the
model. For example, social capital is generated through
interactions of networks of people which improves the
well-being of people participating in the social groups.
Although social capital is an individual asset, it is sourced
from the interaction of people in a group. Due to this fact,
the characteristics and resources of friends, contacts, and
groups may affect individual outcomes. Hence, this rela-
tionship causes the causality between technical efficiency
and participation in social capital networks, leading to
the correlation between x and v;. The novelty in this study
is that the study envisages that the policy variable, par-
ticipation in social capital networks in the model, by its
nature, correlates with the basic efficiency error term:

2
n = E(u?) =my/ =8, and ud = u) — 0. (11)
b

Finally, u° is a random component that is independent
from both v; and ¢;, and is specific to farmers.
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We used the likelihood method to the relevant equation
in the manner of Kutlu [81], Tran and Tsionas [82], Amsler
et al. [83], and Amsler et al. [84] to address the endogene-
ity issue in production function estimation. This strategy
makes use of Cholesky decomposition.

Estimating participation in social capital networks cannot
be done straightforwardly, as the decision to participate in
social capital networks may be influenced by inherent char-
acteristics that could also impact the technical efficiency of
maize farmers. As a result, this gives rise to the correlation
of error terms, which in turn leads to partiality in parameters
that signify the impact of participation in social capital net-
works on technical efficiency. The impact of participation in
social capital networks on technical efficiency may be sub-
ject to unreliable estimates due to the potential influence
of unobservable characteristics of farmers and their farms.
These factors may impact both the decision to participate in
social capital networks and the resulting technical efficiency.
The resolution of the endogeneity issue necessitates the utili-
zation of an appropriate instrumental variable (IV) method-
ology. The endogeneity issue in participation in social capital
networks was addressed by utilizing ethnic group member-
ship as an instrumental variable (IV). Membership in ethnic
groups has the potential to facilitate farmers’ access to credit
facilities. This suggests that the actions of ethnic groups bear
a resemblance to those of social capital networks. In Nige-
ria, it is customary for farmers to be affiliated with at least
one farmers’ group in order to obtain loans or financing for
agricultural operations and expansion. Kutlu [81], Tran and
Tsionas [82] and Amsler et al. [84] are notable contributors
to the field of stochastic frontier analysis, particularly in the
development of models that account for endogeneity.

In accordance with Amsler et al. [84], the u; is independ-
entof Y; = I;‘ . We prepare the instrument with, w; (Eq. 12).

12

Hence,
S x2(w) = f(ylxa, w).f (x2|w).

The following is the current form of the log-likelihood
function:

(12)

Inl=Inl +1Inl, (13)

where In/;is f(y|xp, w)and Inly is f(xo|w).

However,
1
lnli=—(%)ln02—— " g2
+y 0 Inlg(—iei/ol,

ln12=—<g) ln|Zrm|—0.SZ i21’7i’2 ;;m.

(14)
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By maximizing the likelihood function In /, the model’s
estimation, that is, the process of acquiring the model
parameters (8,02,02,T', Y vn) is done. By examining the
combined significance of the terms’ component parts #,
the endogeneity test is conducted. The presence of endo-
geneity in the model is demonstrated if # is significant.
If not, efficiency can be calculated by Aigner et al. [71]
using traditional SFM (Table 1).

Specification checks

Participation in social capital networks and proposed
trade credit instruments were compared using correla-
tion analysis. The instrument employed as the instrumen-
tal variable for participation in social capital networks in
the SFA model had the highest correlation coefficient
with participation in social capital networks and was
uncorrelated with the usage of technical efficiencies. The
proposed instruments include ethnic group member-
ship, cooperative membership, and access to extension
services. The rationale behind the selection of these vari-
ables was based on the review of the literature. According
to Kehinde et al. [40], cooperative membership, access to
extension services and ethnic group membership influ-
ence farmers’ participation in social capital networks and
might not significantly influence the dependent variable
in question (technical efficiency of maize farmers). Fur-
thermore, following Howley et al. [85] and Kehinde and
Ogundeji [86], the Sargan over-identification test was
also conducted for the IV models. If the P-value is not
significant, it means that the instrument is not correlated
with the error term and therefore it is valid [40].
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Results and discussion

Profile of socioeconomic characteristics of maize farmers
by participation in social capital networks

Table 2 presents the socioeconomic characteristics of
maize farmers by participation in social capital net-
works. The findings of the T-test revealed that maize

Table 2 Profile of socioeconomic characteristics of maize
farmers by participation in social capital networks. Source: Field
survey, 2021

Variable Members of social Non-members T-test
capital networks  of social capital
(67) networks (33)
Age 50.22 (10.80) 52.54(18.26) 2.12%*
Age2 2631.06 (181.36) 2826 (173.27) 2.76%%*
Household size 7.23(1.806) 6.85 (1.62) 2.52%*
Years of education  9.25 (3.76) 8.56 (3.43) 2.35%*
Years of experience  24.06 (17.89) 23.89(17.09) 1.72
Male (%) 91.25 87.14
Extension (%) 87.51 8143
Access to credit (%) 90 72
Maize yield 165.13 (74.07) 146.58 (66.96) 5.13%**
Farm size 2.55(1.99) 236(1.72) 3.52%**
Maize seed 7820 (34.22) 74.74 (32.27) 2.84%**
labour 55.93 (24.37) 36.14 (17.73) 1.13
pesticides 17.08 (9.46) 15.22 (8.57) 1.19
Fertilizer 18.73 (7.31) 12.95(5.91) 4.40%%*
Asset 94,277 47 53,188.20 2.66***
(14,284.30) (17,728.97)

Figures in parenthesis indicate the standard deviation

*** ** and * represent significance levels at 1%, 5% and 10%, respectively

Table 1 Definition of variables in ESF model and a prior expectation. Source: Author’s computation

Variables Definition Expected
sign
Maize output Measured in kilogram +
Seed Measured in kilogram +
Fertilizer Measured in kilogram +
Pesticides Measured in litres +
Labours Measured in Man-days +
Farm size Cultivated land occupied by maize in hectares +
Age Measured in years +
Age’ Square of age measured in years +
Household size The number of persons in a household (count) +
Years of education Number of years spent in school +
Years of experience Number of years in farming +
Gender 1=if a farmeris male +
Extension visit 1 =if the farmer is visited by an extension agent +
Access to credit 1=if the farmer has access to credit +
Asset Asset owned by the farmers in Naira +
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farmers who are members of social capital networks and
those who are not, differ significantly in terms of age, age
squared, household size, maize yield, farm size, maize
seeds, fertilizer, asset ownership and years of schooling.
This suggests that maize farmers who are members of
social capital networks typically have larger homes, live
longer, are more educated, and are older than non-mem-
bers. Similarly, farmers who participate in social capital
networks achieve higher maize yield, use more produc-
tion inputs such as maize seeds and fertilizers and also
own more assets than farmers who do not participate
in social capital networks. This proves that endogeneity
and selection bias are problems with the sample. Accord-
ing to descriptive statistics on maize farmers, those who
belonged to social capital networks had a little bit better
access to loans and extension services than those who did
not. Male farmers belong to more social capital networks
than female farmers do and this is in line with the prior
hypothesis of the study and the socio-cultural environ-
ment of Africa. This result corroborates the findings of
Ogunleye et al. [87] and Adeyemo and Kehinde [88].

Factors influencing the probability and level of maize
farmers participating in social capital networks

The double hurdle negative binomial regression results
are presented in Table 3. The results of the hurdle model
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are presented in two parts. The first hurdle shows the
results of factors that influence the decision to participate
in social capital networks, while the second hurdle shows
the results of factors that influence the level of partici-
pation in social capital networks. The number of social
capital networks, the maize farmers are actively belong-
ing to, is used as a proxy for the level of participation
in social capital networks. This is based on the fact that
farmers decide to participate in numerous social capital
networks to enjoy a high level of social capital. The sta-
tistical significance of the overall goodness of fit of the
model has been determined to be at a 1% probability level
through the utilization of the likelihood ratio test [like-
lihood ratio test of alpha (Chibar)]. This shows that the
entire model is the best fit and is significant at 1%. The
first hurdle has a significant log-likelihood (P=0.000)
and LRChi? of 33.16, indicating a high level of explana-
tory power. This shows that the entire model is the best
fit and is significant at 1%. According to the findings of
the first hurdle, the desire of maize farmers to participate
in a social capital network is significantly influenced by
their socioeconomic characteristics, including their age,
age squared, household size, farm size, asset ownership,
gender, and access to credit. In furtherance to that, the
age of the farmers has a positive and significant effect on
the decision to participate in a social capital network.

Table 3 Factors affecting the participation of the maize farmers in social groups. Source: Field survey, 2021

Variable First hurdle (decision to participate in a social group) Second hurdle (level of
participation in social
group)

Coefficient (2) Coefficient (2)

Age 0.185%** (2.69) 0.133%**(3.16)

/—\ge2 0.159** (2.43) 0.162*** (2.60)

Household size 0.072* (1.70) 0.058** (2.01)

Years of education -0.012(=0.72) 0.004 (0.30)

Years of experience 0.295 (0.31) 0.155%* (2.20)

Gender 0.355*** (3.41) 0.278** (2.24)

Access to credit 0.701%** (3.37) 0.776%** (5.39)

Extension 0.160 (0.73) 0.236 (1.20)

Farm size 0.117%** (4.56) 0.528%** (3.03)

Fertilizer 0.715(0.22) 0.178 (0.58)

Asset 0.927%** (3.27) 0.788***(4.11)

Constant 4.901%** (2.78) 3.610%** (3.40)

LRChi? 33.16 57.17

Log-likelihood —190.698 —437.947

Prob > Chi? 0.0001 0.000

Likelihood ratio test of alpha (Chibar2(01)) 738

Prob > chibar2 0.003

Observations 300 300

Figure in parenthesis indicates the Z values
*** ** and * represent significance levels at 1%, 5% and 10%, respectively
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This implies that older farmers have a higher probabil-
ity of participating in social capital networks. Also, the
age squared of the farmers has a positive and significant
effect on the decision to participate in social capital net-
works. This implies that farmers with active economic life
have a higher probability of participating in social capital
networks. Household size has a positive and significant
effect on the decision to participate in social capital net-
works. This implies that farmers who have large house-
holds have a higher probability of participating in social
groups. Also, gender has a positive and significant effect
on the decision to participate in social capital networks.
This implies that male farmers have a higher probabil-
ity of participating in social capital networks. Similarly,
access to credit has a positive and significant effect on the
decision to participate in a social capital network. This
implies that farmers with access to credit have a higher
probability of participating in social capital networks.
The asset has a positive and significant effect on the
decision to participate in a social capital network. This
implies that farmers who own asset have a higher prob-
ability of participating in social capital networks.
Interestingly, in the second hurdle, the likelihood ratio
test of alpha strongly rejects the null hypothesis that the
errors do not exhibit overdispersion. Thus, the zero-
truncated Poisson regression model is rejected in favour
of its generalized version, the zero-truncated NB regres-
sion model. Therefore, the zero-truncated NB regression
model gives an unbiased and consistent estimate than the
zero-truncated Poisson model. The second hurdle has a
significant log-likelihood (P=0.000) and LRChi? of 57.17,
indicating a high level of explanatory power. This shows
that the entire model is best fit and significant at one per-
cent. The result of the model shows that socioeconomic
characteristics such as age, age squared, years of experi-
ence, household size, gender, farm size, asset and access
to credit are significant in determining the level of partic-
ipation in social capital networks. Sequel of this, the age
of the farmers has a positive and significant effect on the
level of participation in social groups. The result suggests
that an increase in the age of farmers increases the level of
participation of maize farmers in social capital networks.
This implies that older farmers participate in many social
capital networks. Also, the age square of the farmers has
a positive and significant effect on the level of participa-
tion in social capital networks. The result suggests that
an increase in the age square of farmers increases the
level of participation of maize farmers in social capital
networks. This implies that farmers with active and eco-
nomic life participate in many social capital networks.
Household size has a positive and significant effect on
the level of participation in social capital networks. The
result suggests that an increase in the household size
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increases the level of participation of maize farmers in
social capital networks. This implies that farmers that
have large households participate in many social capital
networks. Years of experience have a positive and signifi-
cant effect on the level of participation in social capital
networks. The result suggests that an increase in years of
farmers’ experience increases the level of participation
of maize farmers in social capital networks. This implies
that farmers with many years of experience participate in
many social capital networks. Also, gender has a positive
and significant effect on the level of participation in social
capital networks. The result suggests that increasing the
number of male farmers increases the participation of
maize farmers in social capital networks. This implies
that male farmers participate in many social groups.
Farm size has a positive and significant effect on the level
of participation in social capital networks. The result sug-
gests that increasing the hectares of farm increases the
participation of maize farmers in social capital networks.
This implies that farmers with large farms participate in
many social capital networks. Asset ownership has a pos-
itive and significant effect on the level of participation in
social capital networks. The result suggests that increas-
ing the number of assets owned by farmers increases the
participation of maize farmers in social capital networks.
This implies that farmers with many assets participate in
many social capital networks. Similarly, access to credit
has a positive and significant effect on the level of partici-
pation in social capital networks. The result suggests that
an increase in credit sources increases the level of partici-
pation of maize farmers in social capital networks. This
implies that farmers with access to credit participate in
many social capital networks.

The plausible reason for the positive effect of age and
age squared on the probability of farmers participating
in social capital networks could be that older farmers are
likely to join social capital networks in order to secure
a market for their increasing output or for old age rea-
sons. This may be due to the fact that as farmers mature,
they may amass cash and other resources and come to
appreciate the value of using social networks to actively
participate in the commitments and activities that such
networks share. Again, this may be expected because
older farmers may come across as more trustworthy in
group settings than younger ones who tend to be more
assertive, which in turn influenced their decision to join
social capital networks later in life. Furthermore, some
social capital networks prefer older members because
they seem to be more credible in group formations than
their younger counterparts who tend to be more aggres-
sive. On the other hand, older farmers may want to join
social capital networks to seek assistance because they
may not be energetic enough to participate in other
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fund-generating activities. The study corroborates the
studies of Kehinde and Ogundeji [86, 89], Mbagwu [90],
Mojo et al. [91], Mugabekazi [92], Othman et al. [93],
Adong et al. [94]. The positive relationship between
household size and participation in social capital net-
works shows that large households are more likely to join
social capital networks. Large households can contribute
more family efforts so that they can produce more maize
according to some requirements of social capital net-
works. Larger households tend to require more labour
for maize cultivation in rural agricultural settings. Hence,
large households are more likely to become members
of social capital networks because these households are
more likely to meet the high-quality requirements of
social capital networks which involve the need for more
labour. Additionally, larger households are more likely
to participate because it is easier for them to spare one
family member from working on the farm and send it to
those meetings. As expected, the years of farming experi-
ence determine the level of participation in social capital
networks. Farmers with more experience have a better
understanding of the costs and benefits of belonging to
social capital networks. Hence, farming experience is
likely to influence positively the membership decision
of maize farmers. The participation of farmers in social
capital networks is significantly and positively affected by
gender as well. Due to the practice of joining clubs and
cooperatives, men may be more interested in joining
social capital networks. In addition, male farmers attend
membership campaign meetings, leaving women at home
to take care of household duties. This is because women
frequently have household responsibilities to attend to,
leaving little time for social engagement. Access to credit
positively influenced the likelihood of farmers’ participa-
tion in social capital networks. It implies that farmers join
social capital networks because they can access credit
services from them, and that social capital networks are
more dependable sources of credit than formal lending
institutions because they do not require collateral. The
result agrees with studies of Mugbabekazi (2014), Wold-
egebrial et al. [143], and Gasana [95], where access to
credit influenced farmers’ decision to join cooperatives.
The possibility of participation in social capital networks
is significantly and positively affected by the size of the
farm. This is acceptable because larger farms typically
have more resources and the ability to increase agricul-
tural productivity, which motivates farmers to join social
capital networks so they can sell their goods and have
easier access to farm input [96—101]. In addition, farm-
ers use large land assets as informal safeguards to join
cooperative societies. The plausible reason for the posi-
tive effect of asset ownership on the probability of farm-
ers participating in social capital networks could be that
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households with better access to assets have less financial
stress and a higher propensity to fulfil their membership
responsibilities, such as monthly cash contributions and
dues, as well as membership obligations, such as buying
fertilizer and chemicals [96, 99—-104].

Are instrumental variables valid?

Correlation test

An investigation of the relationship between participa-
tion in social capital networks and proposed instru-
ments was done using a correlation test to determine the
validity of the instrumental variables utilized in the ESF
model. The proposed instruments include ethnic group
membership, cooperative membership, and access to
extension services. The results of the correlation analysis
are presented in Table 4. Ethnic group membership has
significant correlations with participation in social capital
networks, but an insignificant correlation with the tech-
nical efficiency of maize farmers. It also has the highest
significant correlation coefficient (0.715) with participa-
tion in social capital networks, which satisfies the theo-
retical relevancy requirement for instrument validity.
This shows that our IVs are not weak [137].

Sargan test of instrumental variables

Sargan test of over-identification was also run to validate
the instrument. The proposed instrument must not only
be uncorrelated with the dependent variable and error
term (valid), but also with the endogenous explanatory
variable [142, 136]. Membership in ethnic groups was
identified using a correlation approach. The next chal-
lenge is meeting the requirements of the Sargan test of
over-identification. The Sargan standard over-identifica-
tion test for instrument validation was conducted in this
regard. The satisfying condition is that the p-value of the

Table 4 Correlation values of instrumental variables with access
to trade credit and use of EU-approved pesticides. Source: Field
survey, 2021

Variables Ethnicgroup Cooperative Access to

membership  membership extension
service

Participation  0.715 (0.000) 0.668 (0.001) 0.506 (0.002)

in social capi-

tal networks

Remarks Significant Significant Significant

Technical 0.813(0.766) 0.769 (0.336) 0.772(0.001)

efficiency

of maize

Remarks Not significant  Not significant Significant

Figures in parenthesis are the p-values
*** ** and * represent significance levels at 1%, 5% and 10%, respectively
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Table 5 Sargan test of instrumental variable. Source: Field

survey, 2021

Variable Technical efficiency of maize farmers
Probit model OLS model

Participation in social capital 0.278*** (3.05) 0.576** (2.27)

networks

Sargan estimates 0.44 (0.79)

Figures in parenthesis are the t-values
*** ** and * represent significance levels at 1%, 5% and 10%, respectively

instrument must exceed a significance value of 0.1, to be
a valid instrument [89, 105] [137]. The over-identification
test result for Sargan is shown in Table 5, and Member-
ship in an ethnic group is reported to be a valid instru-
ment because its p-value is more than the significance
threshold of 0.1. As a result, our estimates would be
objective and consistent, since we have an instrument, i.e.
membership in an ethnic group that is sufficiently accu-
rate to resolve any endogeneity issues that could come
from both the membership in ethnic groups and the
technical efficiency of the maize farmers.

Impact of participation in social capital networks

on technical efficiency of maize farmers

The present study employs an endogeneity-corrected
stochastic frontier model to examine the influence of
participation in social capital networks on the technical
efficiency of maize farmers. The percentage of participa-
tion in social capital networks of the sample is 67, sug-
gesting that a significant proportion of the respondents
included in the study are affiliated with a social capi-
tal network or the other. Ma et al. [106], Olagunju et al.
[107] and Kehinde et al. [40] have noted that the deci-
sion to participate in social capital networks may not be
random and could be influenced by inherent character-
istics, such as managerial skills and attitude of farmers.
This could lead to potential endogeneity issues. Hence, it
is crucial to consider the endogeneity issues to guarantee
unbiased and consistent estimations from the SFA model.
To address the issue of endogeneity concerning partici-
pation in social capital networks, the study employed
ethnic group membership as an instrumental variable
for participation in social capital networks. This finding
is grounded on the observation that the variable exhib-
its a noteworthy correlation with participation in social
capital networks while displaying an inconsequential cor-
relation with the technical efficiency of maize farmers.
This is consistent with the research results of Adepoju
and Oni [42] and Kehinde and Ogundeji [86]. We esti-
mated the equation using the Cobb—Douglas production
function. The results of the estimation are presented in
Table 6. Model EX represents the model that disregards

Page 12 of 19

endogeneity, and Model EN represents the model that
accounts for endogeneity. Interestingly, the two mod-
els show similar results in terms of significant variables
and magnitude. However, the endogeneity test (1) indi-
cates that social capital is an endogenous variable and
the problem of endogeneity has been taken care of in the
model. Therefore, we discounted Model EX and reported
Model EN. The result reveals that the mean techni-
cal efficiency score was 0.646. By implication, the aver-
age technical efficiency of 65% suggests that an average
maize farm in Southwestern Nigeria requires about 35%
additional existing resources to operate at the optimum
level. This suggests that an average maize farmer lost
35% of their output as a result of technical inefficiency.
We assume that a farmer is said to be effective when he
obtains an index that is higher or equal to the average
efficiency score (65%). In light of this reasoning, the study

Table 6 Impact of social capital on the technical efficiency of
maize farmers. Source: Field survey, 2021

Variable Model ex Model en
Frontier model
Constant 3.68%* (2.31) 3.69%** (7.86)
Seed 0481*** (4.17) 0.473***(10.53)
Fertilizer 0.717***(3.29) 0.725%**(12.32)
Agrochemical 0.880%** (2.89) 0.728*** (9.61)
Labour 0.260*** (7.38) 0.087*** (4.82)
Farm size 0.339** (6.60) 0.337***(7.59)
Inefficiency model
Age —0.083 (-0.75) —0.225(-042)
Age? 0.109 (1.03) 1.806 (0.04)
Household size —0.309%** (—=2.61) —0.152*** (=3.21)
VYears of education —0.101%** (=3.07) —0.592%** (-3.34)
Years of experience —0.04*** (—=2.66) —0.187*** (-=2.78)
Gender 0.523(0.52) 0.192 (1.12)
Extension visits —0.645%* (—2.18)  —0450%** (-2.25)
Access to credit 0.699 (0.19) 0.330(0.28)
Asset 0.320(0.51) 0.407 (0.22)
Dependent variable: In(o2u)
Constant 2.988*** (3.24) 3.151%** (4.54)
Social capital —0.571%** (5.54) —0.423***(10.33)

Dependent variable: In(o2v)
Constant 0.881%** (4.15)

Dependent variable: In(o2w)

Constant 24.060%** (7.31)
n 4.182%** (7.54)
7 Endogeneity test (X*=15.18) P>X?=0.000
Mean technical efficiency 0.681 0.646
Log-likelihood —937.927 —3155.156

Figures in parenthesis are the t-values
*** ** and * represent significance levels at 1%, 5% and 10%, respectively
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suggests that given the current technology and resources
(inputs) in the study area, maize production may still be
increased by roughly 35%. To increase their income and
profit from the production of maize, farmers in the study
area should concentrate on making efficient use of the
available resources and technology. Improved resource
management contributes to improved output, yield, and,
eventually, profit. The value of returns to scale (RTS), the
sum of the coefficients of variables in the frontier model,
was 2.550. This implies that the maize production is in
“an increasing return to scale” stage. A 100% increase in
the resource used for maize production in Southwestern
Nigeria will generate a 255% increase in maize output.
This further collaborated the technical efficiency result
that maize farmers are yet to attain the optimum level of
the combination of the resources because the farmers are
still in the first stage of production. This result is consist-
ent with the findings of Adeyemo et al. [108].

The model comprises two panels; the first being the
technical efficiency panel which explains the techni-
cal efficiency of farmers and their drivers. The second
panel is the technical inefficiency model which explains
the variation in technical inefficiency of farmers. An
increase in technical efficiency decreases the technical
inefficiencies. Interestingly, all the variables are signifi-
cant and positive in the frontier model. This result is con-
sistent with the estimates of Abdulai and Abdulai [109]
who also found positive and significant effects of frontier
variables on the output of maize farmers in Zambia. The
coefficient of maize seed was significant and positive.
This implies that a percentage increase in kilogram of
maize seed will increase the technical efficiency of maize
farmers by 47.3%. This study is similar to the results of
the study found by Abdulai [110], which suggests that
an increase in rice output can be achieved through seed
intensification and the engagement of more labour. The
coefficient of fertilizer was significant and positive. This
implies that a percentage increase in kilogram of fertilizer
will increase the technical efficiency of maize farmers
by 72.5%. This finding agrees with the work of Abdulai
[110], Weldegebriel [111], Osanyinlusi and Adenegan
[112], and Opata et al. [113] who stated that fertilizer is
a vital land supplement because it improves land fertility
by increasing per hectare yield of rice. The coefficient of
agrochemicals was significant and positive. This implies
that a percentage increase in a litre of agrochemicals
will increase the technical efficiency of maize farmers by
72.8%. Therefore, paying more attention to investment in
agrochemicals such as pesticides can enhance the levels
of maize output. This result is consistent with the stud-
ies of Sienso et al. [114] and Opata et al. [113] which
observed a positive and significant relationship between
the quantity of agrochemicals and output. The coefficient
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of labour was significant and positive. This implies that a
percentage increase in man-days of labour will increase
the technical efficiency of maize farmers by 8.7%. This
implies that maize farming is labour-intensive and uses
traditional technology that relies heavily on labour
usage. This is in line with the findings of Etim and Okon
[115], Dlamini et al. [116] and Olowa and Olowa [117].
Improved maize seed varieties are typically more expen-
sive for the farmer, thus they want to minimize wastage
that could come from using family labour, hence they
heavily rely on hiring labour. Due to the labour-intensive
nature of maize production, extra labour will be needed,
particularly for weeding and harvesting tasks [118]. The
conclusions of Abawiera and Dadson [119] and Dlamini
et al. [116] are refuted by this finding. The coefficient of
farm size was significant and positive. This implies that a
percentage increase in a hectare of farm size will increase
the technical efficiency of maize farmers by 33.7%. When
the farmers have higher land holdings, they invest in
improving land productivity. This study is similar to the
results found by Oyewo [120] and Weldegebriel [111].
A better distribution of the aforementioned resources
increases yield and subsequently production. To increase
the amount of maize seed produced, farmers should con-
centrate on making judicious use of the resources and
technologies already available.

However, in order to determine the impact of par-
ticipation in social capital networks on the technical
efficiency of maize farmers, we considered the follow-
ing variables: age, age squared, household size, years of
education, years of experience, gender, extension visit
and participation in social capital networks in the inef-
ficiency model. The result reveals that participation in
social capital networks, household size, years of educa-
tion, years of farming experience, and extension visits
significantly influence the technical inefficiency of maize
farmers. Household size has a negative and significant
effect on the technical inefficiency of maize farmers. This
implies that a percentage increase in household size will
increase technical efficiency of maize farmers by 84.8%.
This means that large households are technically more
efficient than smaller ones. This could be explained by
the fact that large households will tend to give their best
of them to produce more in order to ensure the con-
sumption of maize for their members. In addition, this
type of household has a larger workforce (family labour),
all things being equal. This result is consistent with the
work of Kabore [121] and Ouédraogo et al. [122], who
finds that extended-type households tend to be more
efficient because they have the advantage of being an
important source of labour. Years of education of farm-
ers have a negative and significant effect on the technical
inefficiency of maize farmers. This shows that the more
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years the farmer spent in formal schools the less techni-
cal inefficiency and more productivity. This is an indi-
cation that the farmer’s level of inefficiency declines as
he/she acquires more education in the study area. This
implies that a percentage increase in years of education
will increase the technical efficiency of maize farmers by
40.8%. The fact that education level and technical effi-
ciency are positively correlated may also be explained
by the fact that farmers with relatively higher levels of
education are thought to have had more exposure to
agricultural technology and agronomic practices (such
as inspection, rouging, thinning, spacing, and weeding),
which may have a positive impact on the technical effi-
ciency of maize production. Since more educated farmers
are more likely to utilize modern technology effectively,
this could increase farm productivity per hectare [53].
Additionally, educated people are in a better position to
take in, process, interpret, and react quickly to new infor-
mation. Years of experience have a negative and signifi-
cant effect on the technical inefficiency of maize farmers.
This shows that the more the farming experience, the less
the technical inefficiency and the more the technical effi-
ciency and productivity. This implies that a percentage
increase in years of experience will increase the techni-
cal efficiency of maize farmers by 81.3%. This implies that
experienced maize farmers are more productive and effi-
cient. The findings of Kumbhakar et al. [123] that farmers
with more experience tend to be more efficient in output
because new skills are developed with time are supported
by this result. This finding is in line with Olarinde’s [124]
observation that farmers with more experience are better
able to get the knowledge and skills required for selecting
the right new agricultural technology over time in order
to be more productive and efficient.

Extension contact has a negative and significant effect
on the technical inefficiency of maize farmers. This
implies that a percentage increase in contact of maize
farmers with extension agents will increase the technical
efficiency of maize farmers by 55%. This indicates house-
holds who receive more extension visits by extension
workers appear to be more technically efficient than their
counterparts. This result is also similar to those obtained
by Jude et al. [125] and Mbanasor and Kalu [126]. The
reason for this is that maize farmers that receive more
extension visits were able to adopt better farm manage-
ment practices in maize growing because they were bet-
ter informed about new technological breakthroughs.
They utilized resources more effectively as a result than
individuals who were not able to receive any extended
visits. This finding supports those of Abawiera and
Dadson [119], Addai et al. [127], Yiadom-Boakye et al.
[128], and Onumah et al. [129] who found that farm-
ers with higher levels of technical efficiency sought out
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technical information and had adequate extension con-
tact. Primarily, agricultural extension agents report the
needs of farmers to researchers and in turn dissemi-
nate new research findings to farmers and so one would
expect their contact with farmers to enhance efficiency.
In particular, this dual function of extension service is
more important in the use of production inputs such
as improved varieties of seeds released into the mar-
ket by research organizations. Idiong [130] also noted
that farmers who got extension services displayed bet-
ter levels of efficiency. He went on to explain that infor-
mal teaching and learning sources assisted farmers in
modernizing their farming practices, which in turn had
a beneficial impact on efficiency level. Farmers who use
extension services are better informed about how to use
resources (inputs), gain technical knowledge about pro-
ducing maize, and learn about the market, all of which
may result in increased technical efficiency. Additionally,
extension assistance helps farmers choose the most cost-
effective combinations of production inputs and produce
the maximum amount of output using those inputs. Also,
agricultural extension services are meant to increase pro-
ductivity by bridging the knowledge gap between farm-
ers and the available technology and technical expertise.
This result agrees with Begum et al. [131] and Abate et al.
[132], who supported the idea that farmers’ efficiency
levels will increase with properly managed extension
services.

Finally, participation in social capital networks has
a negative and significant effect on the technical inef-
ficiency of maize farmers. This implies that a percent-
age increase in participation in social capital networks
will increase the technical efficiency of maize farm-
ers by 57.7%. According to the study, farmers who are
members of social capital networks are more techni-
cally proficient than their counterparts who are not.
They will probably gain by having easier access to
opinions and knowledge about best practices. In other
words, members of these communities engage with one
another, share knowledge about farming methods, and
gain insight from one another’s experiences. A similar
observation was made by Nyagaka et al. [133], Kehinde
and Olatidoye [134], Kehinde and Adeyemo [39]. This
is explained by the fact that social capital networks give
farmers, researchers, private organizations, and exten-
sion agents a forum for interaction in order to improve
agricultural techniques and methods to increase maize
production. This suggests the exchange of ideas and
information between farmers and other interested par-
ties in order to enhance local maize farming and boost
maize production through the use of more effective
production input combinations.
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Robustness check

The inverse-probability-weighted regression adjustment
(IPWRA) was used as a robustness check, to examine the
causal effects of participation in social capital networks on
the technical efficiency of maize farmers (Table 7). Accord-
ing to the result from the IPWRA estimation (0.531), of
participation in social capital networks has a positive and
significant impact on the technical efficiency of maize
farmers in Southwestern Nigeria. This means that even
technically inefficient maize farmers are more likely to par-
ticipate in social capital networks and invest social capital
in maize production. This is based on the idea that partici-
pation in social capital networks increases the purchasing
power of farmers, allowing them to invest in improved
technologies to increase their technical efficiencies. Our
results corroborate studies of Olurotimi et al. [68] and
Akinola et al. [44].

Conclusion and policy implications

This study investigated the impact of participation in social
capital networks on the technical efficiency of maize farm-
ers in Southwestern Nigeria. A multistage sampling pro-
cedure was used to obtain data for the study. Data were
analysed using the Hurdle Negative Binomial (HNB) model
and the Endogeneity Stochastic Frontier model. The first
hurdle result showed that age, age square, household size,
gender, farm size, asset ownership, and access to credit
significantly influence the decision to participate in social
capital networks. While, in the second hurdle, age, age
square, household size, years of experience, asset owner-
ship, farm size, gender, and access to credit are significant
in determining the level of participation in social capital
networks. The results of the Endogeneity Stochastic Fron-
tier model show that the average technical efficiency of 65%
in maize production. This suggests that an average maize
farmer lost 35% of their output as a result of technical inef-
ficiency. In the frontier model, maize seed, fertilizer, agro-
chemicals, labour, and farm size significantly influence the
technical efficiency of maize farmers. In the inefficiency
model, social capital along with socioeconomic character-
istics such as household size, years of education, years of
experience, and extension contact significantly influence
the technical inefficiency of maize farmers. The study con-
cluded that participation in social capital networks has a
positive impact on the technical efficiency of maize farm-
ers. This study suggests that participation in social capital

Table 7 Results of impact models

Variable Mean Standard error T-test

IPWRA 0.531 0.269 3.071%

**x ** and * represent significance levels at 1%, 5% and 10%, respectively
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networks among maize farmers be taken into account in
agricultural programmes aimed at efficient maize pro-
duction. To access social capital and increase their maize
output, more social capital networks should be formed,
and maize farmers should be encouraged to participate in
social capital networks. Additionally, a significant influence
on the technical efficiency of maize farmers in southwest
Nigeria is education and extension. ADPs should there-
fore arrange agricultural training programmes aimed at
enhancing the technical efficiency of maize producers, with
a particular focus on educated farmers. This study advises
the local government to step up extension services, espe-
cially training programmes, provide ongoing support for
widespread hybrid or high-yielding variety propagation
and dispersal in collaboration with the private sector, make
credit more accessible to farmers, and raise farmers’ educa-
tional levels through brief technical training.

With a rising population and land scarcity placing pres-
sure on maize production, this paper aimed to extend
the body of literature on the technical efficiency of maize
farms in developing countries. However, the findings
in this study could be interpreted within the context of
methodological limitations relating to data collection.
Missing variables are the data limitation. For example,
machinery, primary occupation, distance to farm, farm
income and non-farm income were not available in the
data set. These factors are critical to improving techni-
cal efficiency. Second, there could be other sources of
unmeasured potential sources of heterogeneity caused
by persistent technical inefficiency and endogene-
ity of inputs. Third, the study is limited to the region of
the country (southwestern, Nigeria). Therefore, future
research should extend the analysis to ensure the gener-
alizability of the empirical findings regarding the extent
to which unmeasured potential sources of heterogeneity
are caused by persistent technical inefficiency, endoge-
neity of inputs and other unobservable region-specific
features—such as geographical differences. To extend
this work, further research should be conducted into the
influence of machinery, primary occupation, distance to
farm, farm income and non-farm income on the tech-
nical efficiency of maize farmers. This would allow a
greater understanding of the effect of other agricultural
and socioeconomic variables on the technical efficiency
of maize farmers.
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