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Access to mutual labour support in agriculture: Implications for
maize productivity and efficiency of farmers in northern Ghana
Mensah Tawiah Cobbinaha, Gideon Danso-Abbeam a,b and Abiodun A. Ogundeji b

aDepartment of Agribusiness, University for Development Studies, Tamale, Ghana; bDisaster Management Training
and Education Centre for Africa, University of the Free State, Bloemfontein, South Africa

ABSTRACT
Access to cheap labour affects Ghanaian smallholder farmers significantly.
Such access can be enhanced through mutual labour support. However, it
has become necessary to explore how this form of collective action affects
farmers’ productivity and efficiency. In this study, the impact of access to
mutual labour support on productivity and technical efficiency was
estimated using data collected from 592 smallholder maize farmers in
Northern Ghana. The study uses a translog stochastic production
frontier model, while accounting for sample selection bias that may
emanate from both observable and unobservable household
characteristics. Farmers with access to mutual labour support are
significantly more productive and technically efficient than those
without, with mean technical efficiency in the range of 0.62–0.71 for
farmers with access to mutual labour support and 0.55–0.60 for those
without access. Sex, education, spraying machine ownership, farm size,
extension visits, access to credit, and membership of farmer-based
organisation are significant determinants of access to mutual labour
support. Policies to help farmer groups and extension agents promote
mutual labour support accessibility among farmers are recommended.
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1. Introduction

For most poor people in Sub-Saharan Africa (SSA), agriculture remains their primary source of
employment and income (Jayne and Sanchez 2021). Therefore, raising the rate of growth in agricul-
tural productivity would result in sustainable poverty reduction (Gassner et al. 2019). Furthermore,
empirical evidence shows that, in developing countries, productivity growth in agriculture is
much more effective in reducing poverty than productivity growth in other sectors (Christiaensen,
Demery, and Kuhl 2011; Tiffin and Irz 2006). Similarly, agricultural productivity growth aids in releas-
ing skilled workers to other sectors for long-term economic growth (Alvarez-Cuadrado and Poschke
2011). By contrast, most SSA countries are experiencing an odd development pattern where skilled
workers leave agriculture to work in other sectors while agricultural productivity stays low (Emerick
2018; Gollin, Lagakos, and Waugh 2011). This phenomenon coupled with an aging workforce due to
youth disinterest in agriculture continues to be a challenge that affects agricultural productivity
growth in the region (Mabe et al. 2021; Jayne, Yeboah, and Henry 2017).

There have also been claims of low agricultural labour productivity in the region. McCullough
(2017) revealed that, in six SSA countries, workers were 3.4 times more productive outside of agri-
culture than in it. Consequently, there has been an increased interest in exploring methods for
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improving labour access and labour productivity in agriculture. Again, McCullough (2017) noted that
labour productivity can be improved through technological gains and capital accumulation or by
moving labour out of less-productive activities and into more-productive activities. When there is
insufficient capital to either trade-off or substitute human labour for capital and labour-saving tech-
nologies, farmers, on the other hand, seek mutual (communal, exchange, cooperative, or joint)
labour support (Van der Ploeg and Long 2019). Mutual labour support (MLS) is the primary type
of collective activity organised by farmer-based organisations or smallholder cooperatives in devel-
oping countries (Sugden et al. 2021; Salifu et al. 2012).

Studies have shown that access to “cheap” labour for timely farm preparation and planting (Tri-
pathi et al. 2021) and technology adoption (Nkegbe and Shankar 2014) can be enhanced through
MLS. However, a deeper understanding of how this form of collective action affects farmers’ pro-
ductivity and efficiency is required. This study contributes to the empirical literature in two ways.
First, it examines the impact of access to MLS on farmers’ productivity and efficiency. Second, it
tackles potential biases caused by observed and unobserved factors, which are challenges in an
observational study of farmers’ decisions to access MLS. The individual’s risk preference, perceived
resource endowment, trust, and commitment to the group may affect his access to MLS. Unobserved
factors like these can lead to erroneous assessments of the farmer’s efficiency. To address this pre-
viously unaccounted phenomenon, a stochastic frontier model with correction for sample selection
is used to estimate farmers’ productivity and efficiency. In Ghana, researchers have looked into the
impact of technology adoption (Abdulai, Zakariah, and Donkoh 2018), credit access (Missiame,
Nyikal, and Irungu 2021; Siaw et al. 2020; Martey et al. 2019; Nkegbe 2018; Abdallah 2016), irrigation
adoption (Azumah, Donkoh, and Awuni 2019), participation in off-farm income (Danso-Abbeam,
Abban, and Donkoh 2017), farmer-based organisation (Abdul-Rahaman and Abdulai 2018), and agri-
cultural value chain mentorship programmes (Martey et al. 2015) on the technical efficiency of
farmers, using different approaches. For example, Danso-Abbeam, Abban, and Donkoh (2017) and
Abdallah (2016) included the predicted, rather than the actual values of the selection (treatment)
as an additional regressor in the technical inefficiency model. Martey et al. (2019) incorporated pro-
pensity score matching (PSM) in the stochastic frontier model to correct observed bias in the tech-
nical efficiency of farmers. Missiame, Nyikal, and Irungu (2021) combined the stochastic frontier
model with endogenous switching regression to analyze farmers’ technical efficiency, while Siaw
et al. (2020) employed an instrumental variable approach and the stochastic frontier analysis
method for this purpose. By contrast, Azumah, Donkoh, and Awuni (2019) and Abdul-Rahaman
and Abdulai (2018) combined the propensity score matching (PSM) technique with Greene’s
(2010) sample selection stochastic frontier model to correct observed and unobserved biases in
farmers’ technical efficiency. Though these studies are theoretically relevant, they failed to analyze
the impact of access to MLS on maize farmers’ productivity and efficiency in Ghana. To address
these lacunae, we set the following hypotheses.

H1: Access to mutual labour support has a significantly positive influence on the productivity of maize farmers in
northern Ghana

H2: Access to mutual labour support has a positive impact on technical efficiency of maize farmers in northern
Ghana.

2. Methods

2.1 Data

This study uses primary data collected from 592 maize farmers in the Northern, Savannah, Northeast,
Upper East, and Upper West regions of Ghana. Put together, these regions have 55 districts, 16 in the
Northern region, 7 in the Savannah region, 6 in the Northeast region, 15 in Upper East region, and 11
in the Upper West region. The area has established maize producers, but is relatively dry, with a
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single rainy season that begins in May and ends in October (Ministry of Food and Agriculture 2021).
We employed a multistage sampling procedure to select the respondents. In the first stage, we pur-
posively selected ten districts, two from each of the five regions where MLS is largely practiced. In the
second stage, 22 communities were also randomly selected from the selected districts. In the final
stage, we randomly selected around 28 farmers from each community. In all, 624 maize farmers
were selected for the study, according to Yamane (1967), as follows (Equation 1):

n = N

1+ N(e)2
= 490, 569

1+ 490, 569(0.04)2
= 624.20 (1)

where n is the sample size, N is the population size (490,569) obtained from the Ghana Living Stan-
dard Survey round seven (GLSS 7), and e is the margin of error (0.04). The sample size is approxi-
mated to 592 because 32 questionnaires were unanswered. We conducted a quantitative survey
using a structured questionnaire to collect data from maize farmers in northern Ghana.

2.2 Variable description

In this study, the term mutual labour support(MLS) refers to a labour-sharing arrangement where a
group of farmers provides labour to a fellow farmer in rotation until all group members have
received the same services in a timely manner. This form of collective labour is conducted in an
organised group (cooperatives, relatives, friends, and neighbour). The group has a specific
amount of time (number of days) to work on each participant’s farm so that they do not miss the
right planting, weeding, or harvesting time. MLS allows each member to have his or her farm
planted, weeded, or harvested within time and escape the risks of searching for agricultural
labour in farming communities, especially in a time when every farmer requires labour for the
same activity. Access to MLS enables farmers to acquire the services of a large number of labourers
and reduce the cash cost of labour. Furthermore, it ensures that seeds and chemical inputs are used
efficiently, which may boost maize farmers’ productivity and efficiency. Failure to reciprocate the
same help on a colleague’s farm when needed attracts money that the group executives insist as
compensation for the same services that would have been performed in kind. Otherwise, the
farmer is barred from receiving labour services in subsequent seasons. Access to MLS is the selection
variable. It is dummy coded one (1) if a farmer received collective labour on his or her maize farm
during planting, weeding, and harvesting in a sequential manner and zero (0) otherwise.

Sex is a dummy variable, which is coded as 1 if the farmer is a male and 0 if the farmer is a female.
Compared to women, men have greater influence on decision-making and labour allocation to the
farm business. We anticipate that male farmers will be more likely to access MLS and become more
technically efficient. Age is a continuous variable that is measured by the number of years of the
farmer at the time of the survey. We anticipate a negative link between the age and farmers’
efficiency, but a positive relationship between age and MLS. Older farmers have a greater wealth
of farming knowledge, expertise, and resources for boosting technical efficiency than younger
farmers. However, elderly or aged farmers have less energy to conduct difficult work and, as a
result, are more inclined to participate in MLS. Education is a dummy variable that is coded as 1 if
the farmer can read and write and 0 if he or she cannot. We expect education to positively
influence access to MLS and farmers’ efficiency since it enhances one’s knowledge and ability to
read, understand and appreciate the benefits of MLS or adopting improved technologies.

Farmer role in decision-making in the household is a dummy variable, which is coded as 1 if
farmer makes production and marketing decision that impacts the farm without consulting any
household member and 0 if otherwise. Household size is generally akin to labour availability for
the operation of farm activities. It is measured by the number of people eating from the same
pot. Farmers with larger household sizes may be able to use family labour for farming operations
without accessing MLS. Non-farm job is a dummy variable coded as 1 if the farmer is engaged in
non-agricultural activities such as trade in non-agricultural commodities, craftsmanship, and
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teaching, among others. Non-farm job is a source of income that may be used to hire labour. Hence,
we expect a positive relationship between non-farm job and access to MLS.

Phone is a dummy variable, which is coded as 1 if the farmer has a mobile phone and 0 if not.
Farmers used their mobile phones to make and receive calls and information about group activities,
including MLS, from colleague farmers. A sprayer is used to control weeds without the need for hand
weeding. Farmers who have a sprayer may require less labour for weed and pest control and, as a
result, are less likely to participate in MLS. Sprayer is a dummy variable that is coded as 1 if the
farmer has a sprayer and 0 if not. Crop diversification is a continuous variable that is measured by
the number of crops the farmer cultivated in the farming seasons. Growing more crops requires
more labour, which can be obtained through MLS.

Farmer-based organisations (FBO) help farmers to access inputs, including labour for production
activities. FBO membership is a dummy variable that is coded as 1 if the farmer belongs to an FBO
and 0 if otherwise. FBO membership is one way by which farmers obtain MLS. As a result, FBO mem-
bership is likely to be endogenous since farmers’ decision to join FBO may correlate with the erro-
neous term in the MLS model. To address the potential endogeneity of FBO membership, we used
the Wooldridge (2015). The FBO membership variable represents the dependent variable and is
expressed as a function of specific variables, together with an instrument, in the control function
model. We derived the generalised residual of FBO membership in the auxiliary probit model,
which was subsequently incorporated in the main (structural) model (Equation 2) together with
FBO membership. Extension is a continuous variable that is measured by the number of extension
visits a farmer received on his or her maize farm in the farming season. Access to extension services
allows farmers to learn about the benefits of collective actions, including MLS. Credit is a dummy
variable that is coded as 1 if the farmer accessed credit in the 2020/2021 cropping season and 0
if otherwise. Credit gives farmers the financial means to purchase labour, without the need for
MLS. Distance is a continuous variable that is measured by the number of kilometres from the
farmer’s house to the farm. In maize production, input variables include farm size, labour, seed, fer-
tiliser, and insecticides. Farm size is the quantity of land that is committed to maize production.
Labour is the number of adults employed for farming activities. Seed is the quantity of maize
seed sown per hectare. Fertiliser is the quantity of inorganic fertiliser applied per hectare of maize
farm. Pesticide is the quantity of weedicides and insecticides applied per hectare of maize farm.
Farm size is measured in hectare (ha), while labour is measured in man-days. Pesticide is measured
in litres, while fertiliser and seed are measured in kilogram (kg). Table 1 describes the variables used
for the study.

2.3 Econometric strategy

2.3.1 Sample selection stochastic frontier production model
In this study, we employ a stochastic production frontier (SPF) model with correction for sample
selection to analyze the impact of access to MLS on farmers’ productivity and efficiency. This uncon-
ventional SPF model incorporates the Heckman two-stage and propensity score matching (PSM)
techniques to deal with unobserved and observed sample selection biases in farmers’ TE estimates.
Bravo-Ureta, Greene, and Solís (2012) outline seven steps to estimating the sample selection cor-
rected SPF model. The first step estimates a standard SF production function for the unmatched
samples by including the selection variable as an additional variable. The second step estimates sep-
arate standard SF production functions for unmatched subgroups, while the third step estimates two
separate sample selection SF production functions for the unmatched subgroups. This analysis is a
correction for unobserved heterogeneity. Here, a binary probit model is used to generate an inverse
Mills ratio (IMR), which enters the SF model as an additional variable. The significance of the coeffi-
cient associated with the IMR indicates the presence of selectivity bias in unobservable. The fourth
step uses a PSM to obtain the matched samples. The first step of the PSM is to predict the propensity
score, which is equal to the probability of receiving treatment, considering both treated and
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untreated groups based on a given set of predetermined covariates, using a binary choice model
(Cameron and Trivedi 2005). This step is followed by imposing the common support region,
which is the area within the minimum and maximum propensity scores of treated and comparison
groups, respectively (Caliendo and Kopeinig 2008). After matching, we repeated steps one (1) to
three (3) for the matched samples. The estimated technical efficiency scores for the treated and
control groups were compared using the t-test.

The sample selection stochastic frontier model follows this framework:

d∗i (di. 0) = a0 + x′ia+ ei: Selection model (2)

ln Yi = b0 +
∑n
i=1

ln Xib+ 1i: SPF model (3)

where diis the latent variable representing the propensity to access mutual labour support, ais a
vector of unknown parameters to be estimated, xi is a vector of explanatory variables explaining
farmers’ access to mutual labour support, andei is the error term. Note that farmers’ decision to
MLS is analyzed using the theory of utility maximisation. The theory states that a farmer will
access MLS (U0) only if his level of satisfaction in MLS (U1) is greater or equal to the level of satisfac-
tion he derives from not accessing (U0).

The SF production model has a production function and efficiency term. The production function
shows the relationship between yield (Yi) and (b)(vi)1i1i = vi − ui inputs. vi is any random variation or
statistical noise in yield that is outside the farmers’ control. ui represents inefficiency (yield loss) due
to variations in farmers’ environment. The efficiency component is generated by factors within the
control of farmers (e.g., demographic and socioeconomic, farm-specific, institutional, and nonphysi-
cal factors).

Table 1. Description of variables used for the study.

Variable Description Measurement

Sex Sex of farmer 1 if farmer is a male; 0 otherwise
Age Age of farmer Years
Education Education of farmer 1 if farmer can read and write; 0 otherwise
Decision-making Farmer role in decision-making in

the household
1 if farmer makes production and marketing decision that impacts the
farm without consulting any household member; 0 otherwise

Household size Number of people eating from the
same pot

Number of people

Non-farm job Participation in non-farm job 1 if farmer participates in a non-farm job; 0 otherwise
Phone Ownership of mobile phone 1 if farmer owns a phone; 0 otherwise
Sprayer Ownership of spraying machine 1 if farmer owns a sprayer; 0 otherwise
Crop
diversification

Total number of crops cultivated Number of crops

FBO
membership

Membership of farmer-based
organisations (FBO)

1 if farmer belongs to FBO; 0 otherwise

Extension Extension visits received by the
maize farmer per year

Number of visits

Credit Farmer access to credit in 2020/
2021 cropping season

1 if the farmer accessed credit; 0 otherwise

Distance Distance from house-to-farm Kilometres
Farm size Total land area under cultivation Hectare
Labour Quantity of people employed for

maize production
Man-days

Fertiliser Quantity of fertiliser employed for
maize production

Kilogram

Seed Quantity of maize seed sown Kilogram
Pesticide Quantity of pesticide employed for

maize production
Litres
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The error structure is given as follows:

1i = vi − ui (4)

where ui � N(0, 1)
vi = svVi, where Vi � N(0, 1)
(ei, vi) � N(0, 0), (1, rsv , s2

v ) for d = 1
The estimator in the model above is such that ei is conditional on vi as follows:

ei|vi = rv + h (5)

where h � N[0, (1− r2)], and his independent of vi
The selection variable is jointly estimated as:

d∗i |vi = x′ia+ rvi + h, di = 1 (d∗i . 0|vi) (6)

and the probability of the selection variable is:

Prob[di = 1 or 0|xi, vi] = f (2d− 1)
x′ ia+ rvi
1− r2

( )[ ]
(7)

The sample is considered into two parts. For the selected observation d = 1, the condition on vi and
the joint density for Yi and di is the product of the marginals.

f (Yi, di = 1|Xi, xi, vi) = f (Yi|Xi, vi)Prob(di = 1|xi, vi) (9)

The first part is Yi|Xi, vi = (X ′
ib+ dvv)− u, where ui is the truncation at zero of a standard normal

variable with a standard deviation of dui . The conditioned density is given by

f (Yi|Xi, vi) = 2
du
f

(X ′
ib+ dvvi)− Yi

du

( )
, (X ′

ib+ dvvi)− Yi . 0 (10)

Hence, the joint density function is given as

f (Yi, di = 1|Xi, xi, vi) = 2
du
f

(X ′
ib+ dvvi)− Yi

du

( )
w

x′ ia+ rvi��������
1− r2

√
( )

(11)

The simulated log-likelihood is given by:

LogLs =
∑
i

log
1
R

∑R

r=1
di 2

du
f

(X ′
ib+ dvvi)− Yi

du

( )
w

x′ ia+ rvir��������
1− r2

√
( )[ ]

+ (1− di) w
−x′ ia− rvir��������

1− r2
√

( )[ ]{ }

(12)

The technical efficiency (TE) is calculated as:

TEi = Yi
Y∗
i
= f (X ′

ib)e(vi−ui)

f (X ′
ib)e

(vi )
= e

(−ui ) (13)

where Yi = observed yield and Y∗
i = frontier yield.

2.3.2 Empirical models
The production frontier estimates are computed using the Translog SPF model. Following Coelli et al.
(2003), the translog production function, which nests the Cobb-Douglas, can be written as.

ln Yi = b0

∑5
j=1

b jk ln Xij +
1
2

∑5
j=1

∑5
j=1

bik ln Xij ln Xik +
∑2
j=1

gDi +
∑1
j=1

wjZi + vi − ui (14)
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whereYi is the yield of maize, Xi is the quantities of inputs and associated parameters(b), and is Zithe
selection variable.

3. Results and discussion

3.1 Descriptive statistics

Table 2 presents summary statistics for the variables of this study for both the unmatched and
matched samples. For the unmatched sample, the pooled farmers are, on average, 43 years and pre-
dominantly male (56%). The results imply that most farmers are aging but economically active in
maize production. The proportion (56%) of male farmers in the current study is nearly the same
as in rural Savannah (54%), according to the Ghana Living Standard Survey 7 (GLSS 7) report. Men
are better able than women to grow maize because they have the resources to do so.

On average, there are approximately seven members per household, which is a significant
source of labour for production (Fischer and Qaim 2012). By contrast, there are more educated
farmers and larger household sizes than in the GLSS 7 report. More than half of them had
attained formal education (65%), are members of farmer group (55%), and owned phones
(68%), which imply that most farmers have what it takes to seek information and make informed
production decisions. About 53% have spraying machines.

On average, the farmers own smaller farms (1.64 hectares) and grow few crops (1.58/season),
which implies that the average maize farmer in this study is a smallholder1 and less diversified.
Less than 40% of the farmers have access to credit (32%) and non-farm employment (38%),
implying that most farmers do not have access to credit and non-farm income to acquire
resources and use them judiciously to increase productivity (Abdallah 2016). In Ghana, only
4.62% of the deposit money banks’ loans went to agriculture in 2020 (Ministry of Food and Agri-
culture 2021), which implies a lack of credit for farmers. The mean extension visit is 1.85 per
season. The results imply that farmers have limited extension services.

For the unmatched sample, we observe significant mean differences between farmers with access
to MLS and those without access for all factors, except quantity of labour and pesticides. In Table 2,
most farmers with access to MLS are women who are significantly older than those without access
and have more crops grown on large acreages. Furthermore, most farmers with access to MLS have
phones, extension services, credits, and non-farm jobs than those without access. By contrast, most
farmers with access to MLS do not have formal education. For the matched sample, we observe no
significant differences between farmers with access to MLS and those without access for all factors. In
the common support graph in Figure 1, we found that the pooled observations were reduced after
implementing the matching technique (Bravo-Ureta, Greene, and Solís 2012).

We also conducted the standardised bias test to determine the balance of covariate distribution
between farmers with access to MLS and those without access. For brevity, we present the overall
mean bias of the standardised bias test rather than the detailed standardised mean difference
between farmers with access to MLS and those without access for all covariates. The results show
that the overall mean bias is significantly reduced from 34.3–8.1 after matching. The current
results imply that the covariate distribution is balanced (identical) across treatments (Zhang et al.
2019). The matched sample is obtained by implementing a 1-to-1 nearest neighbour without a repla-
cement matching technique.

3.2 Determinants of farmers’ access to MLS

Table 3 shows the logit model estimates of the factors impacting farmers’ access to mutual labour
support (MLS). We performed Archer and Lemeshow x2 and receiver operating curve (ROC) tests to
determine the level of calibration and predictive power of the logit model. The results imply that the
model is well calibrated and has high predictive power. The Wald x2 (242.43) is also found to be
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Table 2. Descriptive statistics of the sample’s characteristics.

Unmatched data Matched data

Pooled Access Farmers
No access
Farmers Access Farmers

No access
Farmers

Variable Mean SD Mean SD Mean SD Test of means Mean SD Mean SD Test of means

Sex (1 = male) 0.56 0.50 0.52 0.50 0.60 0.49 −1.96** 0.52 0.50 0.51 0.49 0.35
Age (years) 42.93 10.27 44.73 10.47 41.28 9.81 4.14*** 44.67 10.53 44.78 9.81 −0.14
Education (1 = read and write) 0.65 0.48 0.58 0.49 0.70 0.46 −2.98*** 0.59 0.49 0.58 0.46 0.13
Household size (no. of people) 7.32 3.34 7.38 3.82 7.27 2.94 0.39 7.35 3.84 7.55 2.94 −0.63
Non-farm job (1 = doing non-farm work) 0.38 0.49 0.44 0.50 0.32 0.47 2.82*** 0.43 0.50 0.44 0.47 −0.34
Phone (1 = owns phone) 0.68 0.47 0.81 0.40 0.54 0.50 7.2*** 0.80 0.39 0.83 0.50 −0.76
Sprayer (1 = owns sprayer) 0.53 0.50 0.47 0.50 0.59 0.49 −3.00** 0.47 0.50 0.46 0.49 0.38
Crop diversification (no. of crops cultivated) 1.58 0.74 1.58 0.88 1.25 0.54 5.50*** 1.57 0.88 1.50 0.54 1.14
FBO membership (1 = member) 0.55 0.36 0.60 0.50 0.45 0.41 7.89*** 0.56 0.46 0.52 0.21 0.73
Extension (no. of extension visits) 1.85 2.32 2.52 2.97 1.24 1.21 6.97*** 2.10 2.88 1.86 1.21 1.42
Credit (1 = access) 0.32 0.47 0.19 0.39 0.44 0.50 −6.90*** 0.19 0.39 0.16 0.50 0.80
Farm size (hectares) 1.64 1.49 1.87 1.86 1.44 0.98 3.52*** 1.86 1.88 1.62 0.97 1.50
Observations 592 284 392 279 305

Note: SD denotes standard deviation; Legends *** and ** show 1% and 5% significant levels, respectively,
Source: Field data, 2022
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significant at the 1% probability level, which implies that the model fits reasonably well. Each signifi-
cant covariate is interpreted in light of the ceteris paribus assumption.

Sex has a negative significant marginal effect (−0.2863) on farmers’ access to MLS, indicating that
women are 28.63%more likely than men to access MLS. Women are less likely to have access to both
family and hired labour because of their low economic and social status, which increases their odds
of accessing MLS. In most traditional settings, women perform labour in their husbands farms
(Ankrah, Freeman, and Afful 2020). Hence, mutual labour becomes a key solution to labour require-
ment problem, particularly for women who lack the time and physical and financial muscle to work
on their farms or hire labour. Education decreases the probability of accessing MLS. The results imply

Figure 1. Common support graph after the nearest neighbour, Source: Field data, 2021.

Table 3. Estimate of the probit model using the unmatched pooled sample.

Coefficient Marginal effects

Variable Estimate S.E. Estimate S.E.

Sex −0.7341*** 0.2235 −0.2863*** 0.0833
Age 0.0099 0.0072 0.0040 0.0029
Education −0.3521*** 0.1344 −0.1397*** 0.0527
Household size 0.0008 0.0179 0.0003 0.0071
Phone 0.2239 0.2214 0.0890 0.0874
Non-farm job −0.1776 0.2454 −0.0707 0.0973
Sprayer −0.5746*** 0.1305 −0.2261*** 0.0499
Farm size 0.0608*** 0.0216 0.0242*** 0.0086
Crop diversification 0.1297 0.1142 0.0517 0.0456
Extension 0.3355*** 0.0539 0.1338*** 0.0215
Credit −0.2706* 0.1480 −0.1074* 0.0582
FBO 3.9184** 1.8212 0.7311*** 0.0959
FBO residual −2.5071 1.8212 −1.0000 0.7264
Constant −1.1530 0.3496
Observations 592
Wald x2 (12) 242.43
Prob >x2 0.0000
Pseudo R2 0.2958
Receiver operating curve (ROC) 0.8565
Archer and Lemeshow goodness of fit 0.236

Legends: ***, **, and * denote 1%, 5%, and 10% significance levels, respectively; S.E. is the standard error, and M.E. is marginal effects.
Source: Field data, 2021
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that the uneducated farmers have a 13.97% likelihood of accessing MLS. Educated farmers are more
likely to take up non-farm employment, which may result in a shortage of labour for farming.
Although we anticipated that the lost-labour effect of formal education would favour farmers’
access to MLS, the findings reveal the opposite. Educated farmers are more likely to take up non-agri-
cultural jobs and are less likely to reciprocate the same labour on a colleague’s farm.

Phone use is significant and has a marginal effect of 0.2261, indicating that farmers using phones
are more (22.61%) likely to access MLS. The results imply that farmers may use phones to access
mutual labour support. Farmers with phones tend to have a ready means of communication, allow-
ing them to arrange for mutual labour support. The marginal effect of farm size is significant and
positive (0.0242), implying that a unit increase in farm size would result in a 2.42% increase in the
likelihood of accessing MLS. The result implies that farmers who have larger farms are more likely
to access mutual labour support, probably due to the correspondingly higher labour and capital
requirements. Farmers who have larger farms need a lot of labour in their farm operations, which
eventually stimulates them to access MLS.

Spraying machine ownership has a negative significant marginal effect (−0.2261), implying that
farmers with no spraying machines have a 22.61% probability of accessing MLS. Farmers can elim-
inate labour-intensive weed and pest management practices by using spraying equipment. Member-
ship in farmer-based organisation also has a significant positive marginal effect (7311) on the
likelihood of accessing MLS. The results show that farmers in farmer-based organisation (FBO) are
73.11% more likely to access MLS. The results imply farmer groups are important channels by
which farmers can mobilise and exchange labour for maize production. Olagunju et al. (2021) also
showed that farmers who are FBO members use more labour than non-members, which may be
due to their increased access to MLS. However, the coefficient of the FBO residual is not significant.
This finding implies that farmers’ access to MLS is determined exogenously rather than endogen-
ously by their membership in the FBO. Extension visit has a positive marginal effect (0.1338),
suggesting that farmers who have extension services are more (13.38%) likely to access MLS. The
results imply that extension agents assist farmers in gaining access to MLS. Farmers’ chances of
accessing MLS are increased by the knowledge that extension agents provide them with on the
benefits of collective action in farming. Access to credit also has a significant marginal negative
effect (0.1074) on the likelihood of accessing MLS. The results imply that farmers’ probability is
reduced by 10.74% of accessing MLS if they have credit. Access to credit may be used to hire
labour for farm activities, as reported by Abdallah (2016).

3.3 Production frontier estimates

This section shows the estimates of both the standard and sample selection SPF models for the
matched and unmatched samples. Tables 4a and 4b present the SPF model results of the
factors influencing maize productivity for the unmatched and matched samples. The results were
obtained using the seven steps described by Bravo-Ureta, Greene, and Solís (2012). Following
the authors, we estimated a single model for the pooled sample and separate models for the sub-
samples (access and no access categories). The following likelihood ratio (LR) test formula
(LR = −2× [ ln Lp− ( ln Lm+ ln Lc)), where ln Lp, ln Lm, and ln Lc represent the log-likelihood func-
tion values obtained from the pooled model, the access model, and the no access model was used to
test the null hypothesis that the single (pooled) model is an adequate representation of the data
than the separate models. The calculated LR values of 29.58 and 33.28 for the pooled model in
both the unmatched and matched samples are statistically significant. As a result, we reject the
null hypothesis and conclude that the separate models for farmers with access to MLS and those
without access are superior to a single model for the pooled sample. The same result was found
in Olagunju et al. (2021).

Another LR test was conducted to determine the appropriateness of the two functional forms
(Cobb-Douglas and Translog). Following the calculated LR values of 88.35 and 92.13 in the pooled
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Table 4a. SPF results of factors influencing maize productivity for the unmatched samples.

Standard SPF function Sample selection SPF function

Pooled Access No access Access No access

Variable Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E.

lnlabour 0.167*** 0.063 0.209*** 0.079 −0.204 0.181 0.208*** 0.077 −0.209 0.180
lnfertilizer 0.151*** 0.039 0.148*** 0.057 0.143** 0.063 0.144** 0.056 0.170*** 0.063
lnseed −0.023 0.04 0.070 0.055 −0.165** 0.066 0.083 0.055 −0.173*** 0.065
lnpesticide 0.0002 0.035 0.007 0.047 −0.091 0.063 −0.003 0.047 −0.069 0.063
0.5×lnlabour2 0.069 0.045 0.052 0.06 −0.173 0.137 0.049 0.059 −0.156 0.135
0.5×lnfertilizer2 −0.104*** 0.021 −0.104*** 0.036 −0.096*** 0.026 −0.105*** 0.035 −0.093*** 0.026
0.5×lnseed2 −0.053*** 0.017 −0.007 0.024 −0.122*** 0.023 0.001 0.023 −0.119*** 0.023
0.5×lnpesticide2 −0.036* 0.022 −0.018 0.034 −0.063** 0.029 −0.026 0.033 −0.053* 0.029
lnlabour × lnfertilizer −0.004 0.052 −0.035 0.07 −0.005 0.088 −0.039 0.068 0.004 0.086
lnlabour × lnseed 0.043 0.027 0.055* 0.031 0.032 0.077 0.055* 0.030 0.014 0.076
Lnlabour × lnpesticide −0.003 0.033 0.004 0.039 −0.134 0.09 0.003 0.038 −0.125 0.089
lnfertilizer × lnpesticide 0.021 0.021 −0.024 0.031 0.054* 0.03 −0.027 0.031 0.060** 0.029
lnfertilizer × lnseed 0.053** 0.022 0.045 0.033 0.069** 0.03 0.043 0.032 0.071** 0.030
lnpesticide × lnseed 0.018 0.015 0.037* 0.021 −0.011 0.025 0.037* 0.021 −0.014 0.025
MLS 0.182*** 0.061
Constant 0.691*** 0.085 0.717*** 0.128 0.780*** 0.109 0.621*** 0.109 0.880*** 0.106
Sigma2 (σ2) 0.924*** 0.099 0.806*** 0.162 0.987*** 0.123
Gamma (γ) 1.563*** 0.111 1.238*** 0.222 2.101*** 0.115
σu 0.698*** 0.121 0.888*** 0.095
σv 0.558*** 0.055 0.422*** 0.051
RHO (w,v) 0.189** 0.095 −0.211*** 0.080
Returns to scale 0.299 0.439 −0.766 0.423 −0.692
Observations 592 284 308 284 308

Legends:***, **, and * denote 1%, 5%, and 10% significance levels, respectively; S.E. is the standard errors
Source: Field data, 2021
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Table 4b. SPF model results of factors influencing maize productivity for the matched samples.

Standard SPF function Sample selection SPF function

Pooled Access No access Access No access

Variable Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E.

lnlabour 0.165*** 0.063 0.185** 0.08 −0.201 0.181 0.193** 0.078 −0.209 0.181
lnfertilizer 0.152*** 0.039 0.155*** 0.057 0.148** 0.064 0.147*** 0.057 0.168*** 0.064
lnseed −0.027 0.04 0.072 0.055 −0.173*** 0.066 0.091 0.056 −0.184*** 0.066
lnpesticide −0.003 0.035 −0.004 0.048 −0.084 0.063 −0.011 0.047 −0.066 0.063
0.5×lnlabour2 0.078* 0.046 0.085 0.061 −0.162 0.139 0.068 0.060 −0.159 0.135
0.5×lnfertilizer2 −0.099*** 0.022 −0.090** 0.037 −0.094*** 0.026 −0.090** 0.036 −0.091*** 0.026
0.5×lnseed2 −0.055*** 0.017 −0.003 0.024 −0.129 0.023 −0.003 0.023 −0.128*** 0.023
0.5×lnpesticide2 −0.033 0.022 −0.009 0.034 −0.057* 0.029 −0.005 0.033 −0.051* 0.291
lnlabour × lnfertilizer −0.018 0.052 −0.077 0.071 −0.009 0.088 −0.077 0.071 −0.002 0.087
lnlabour × lnseed 0.049* 0.027 0.071** 0.031 0.032 0.076 0.072** 0.031 0.025 0.076
Lnlabour × lnpesticide 0.003 0.033 0.024 0.039 −0.138 0.09 0.019 0.039 −0.127 0.090
lnfertilizer × lnpesticide 0.015 0.021 −0.041 0.032 0.055* 0.030 −0.049 0.032 0.063** 0.030
lnfertilizer × lnseed 0.050** 0.022 0.034 0.033 0.071** 0.030 0.034 0.032 0.069** 0.030
lnpesticide × lnseed 0.019 0.016 0.039* 0.021 −0.007 0.025 0.039* 0.021 −0.010 0.025
MLS 0.197*** 0.062
Constant 0.663*** 0.086 0.671*** 0.129 0.771*** 0.108 0.507*** 0.124 0.865*** 0.110
Sigma2 (σ2) 0.924*** 0.100 0.806*** 0.158 0.981*** 0.123
Gamma (γ) 1.561*** 0.111 1.261*** 0.214 2.096*** 0.115
σu 0.680*** 0.173 0.890*** 0.083
σv 0.561*** 0.071 0.423*** 0.048
RHO (w,v) 0.214** 0.103 −0.175** 0.087
RTS 0.296 0.441 −0.748 0.428 −0.702
Observations 584 279 305 305 279

Legends:***, **, and * denote 1%, 5%, and 10% significance levels, respectively; S.E. is the standard errors
Source: Field data, 2021
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model for both the unmatched and matched samples, the null hypothesis (Ho:bij = 0) is rejected,
meaning that the Translog SPF function fits the data better than the Cobb-Douglas SPF function.
We also concur that the translog SPF function is a more flexible functional form than the Cobb-
Douglas SPF function, which assumes constant returns to scale (RTS) and accounts for the inter-
actions between variables (Wassihun, Koye, and Koye 2019). As a result, we estimated a Translog
SPF function because it fits our data better than the Cobb-Douglas SPF function. The Translog
SPF was used by Abdul-Rahaman, Issahaku, and Zereyesus (2021) and Wassihun, Koye, and Koye
(2019).

In Tables 4a and 4b, we present the partial elasticities of the conventional inputs variables, as well
as the RTS, variance parameters, and selection bias parameter (RHO) for both unmatched and
matched samples. All variables are mean-corrected and logarithmically transformed. In all cases, fer-
tiliser and the square of fertiliser have a positive and significant effect on maize yield. This result is
consistent with that of Abdul-Rahaman, Issahaku, and Zereyesus (2021). Due to nutrient depletion
and climate change, most soils in Africa today are low in fertility, making fertiliser application essen-
tial to increasing maize yield. In Ghana, the Planting for Food and Jobs (PFJ) government input
subsidy programme has increased the fertiliser application rate from 8 to 20 kg/ha (Ministry of
Food and Agriculture 2020), resuling in a significant improvement in maize yields (Asante and Bawa-
kyillenuo 2021). The estimated partial elasticity of labour is positive and significant for the pooled
and the access samples, but insignificant in the no access sample. This result implies that farmers
with access to MLS may not have labour challenges, which enable them to increase their maize
yield. Bravo-Ureta, Greene, and Solís (2012) also revealed a significant positive effect of labour on
output. Seed has a significant and negative effect on maize yield, which is consistent with Chiona,
Kalinda, and Tembo (2014). This result implies that farmers may not be using the recommended
amount of seeds.

The sum of all the partial elasticities is less than one, meaning that all SPF models show decreas-
ing RTS. The result is in line with Wassihun, Koye, and Koye (2019) and Bravo-Ureta, Greene, and Solís
(2012). Generally, farming among low-resource groups is often marked by decreasing returns to
scale. To account for farmers’ access to MLS and to confirm the potential sample selection
problem suggested by Bravo-Ureta, Greene, and Solís (2012), we included the binary variable
(MLS) in the pooled models. The MLS variable is statistically significant in the pooled models, indi-
cating a significant difference in yield between farmers who have access to MLS and those
without access.

In Table 5, we present the performance of MLS on maize productivity by comparing the predicted
frontier yields between farmers with access to MLS and those without access.

From the results, maize productivity in all cases increases after accounting for sample selection
bias due to unobserved and observed factors. However, the maize productivity gaps in all cases
widen after accounting for sample selection biases to unobserved and observed factors. These
results imply that access to MLS contributes significantly to increasing maize productivity in northern

Table 5. Predicted frontier yield after correcting for biases.

Standard SPF model Sample selection SPF model

Samples Mean Min Max Mean Min Max

Unmatched sample
Access 3.71 0.26 5.98 3.85 0.26 5.98
No access 2.64 0.24 4.01 2.66 0.24 4.01
Differential (%) 40.5*** 8.00 49.1 44.4*** 8. 0 49.1
Matched sample
Access 3.84 0.26 6.11 3.90 0.28 6.42
No access 2.65 0.24 4.11 2.67 0.26 4.18
Differential (%) 44.9*** 8.0 48.66 46.1*** 0.00 53.59

Legends *** shows a 1% significance level
Source: Field data, 2021
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Ghana. In particular, farmers with access to MLS have 46.1% higher productivity than those without
access. For this reason, we computed the selection bias correction term (RHO) to ensure that the
results are free from unobserved heterogeneity. In all sample SPF models, RHO is found to be signifi-
cant, which implies that TE differentials owing to access to MLS are unbiased and consistent. In all
cases, the productivity and TE differentials between farmers with access to MLS and those without
access are statistically significant.

The aforementioned findings have three primary implications. First, it can be seen that imple-
menting the matching technique and accounting for sample selection increases TE values for
farmers with access to MLS and those without. This result implies TE scores would have been under-
estimated and misleading for policymakers and other potential users of the findings if selection bias
from both the observed and unobserved factors was not adequately addressed. Second, after
accounting for both the observed and unobserved biases, the efficiency gap between farmers
with access to MLS and those without widens, contradicting the results of Bravo-Ureta, Greene,
and Solís (2012). Third, while access to MLS increases farmers’ TE, it does not eliminate technical
inefficiency in maize production. There are still substantial technical inefficiencies (0.29-38) among
farmers with access to MLS, which reduce their potential maize yield by 29-38% even after account-
ing for all biases due to unobserved and observed factors. By instinct, the observed technical ineffi-
ciency in maize production could be due to differences in the quantity and quality of MLS. Apart
from being inadequate, the composition of MLS can be gender biased or it may include a non-
employable population such as children and the aged. For this reason, further research is needed
to examine how the quality of MLS affects farmers’ efficiency.

3.4 Determinants of maize technical efficiency

In Table 6, we provide alternative factors for reducing the technical inefficiency in maize production.
From the results, decision-making role, extension visits, and access to credit have a significant and
negative effect on maize farmers’ technical inefficiencies, while farm size and house-to-farm distance
have a significant and positive influence. The results imply that technical inefficiency in maize pro-
duction was reduced for farmers with a higher decision-making position in the household, extension
visits, credits, shorter home-to-farm distance, and smaller farm sizes. Credit and extension services
are important policy variables for increasing farmers’ efficiency in maize production. Farmers with
access to credit are better able to access expensive efficiency-enhancing technologies like hybrid

Table 6. Sources of maize farmers’ technical inefficiency from the matched sample.

Variable Coeff. S.E.

Sex −0.0305 0.0201
Age −0.0009 0.0009
Decision-making −0.0594*** 0.0212
Education 0.0087 0.0173
Household size 0.0011 0.0022
Non-farm employment 0.0195 0.0169
Farm size 0.0040** 0.0020
Sprayer −0.0294* 0.0163
Extension −0.0326* 0.0181
Credit −0.0389** 0.0187
FBO membership 0.0289 0.0224
Distance 0.0003** 0.0001
Constant 0.7369 0.0450
var(e.TE_CM) 0.0361 0.0021
Observations 584
F(12, 572);p-value 2.72;0.001
Pseudo R-square 0.1121

Legends ***, **, and * shows 1%, 5%, and 10% significance levels, respectively
Source: Field data, 2021

74 M. TAWIAH ET AL.



seed and fertiliser, which makes it a significant contributor to technical efficiency (Chiona, Kalinda,
and Tembo 2014). Chiona, Kalinda, and Tembo (2014) further revealed that access to extension
has a sizable favourable effect on technical efficiency because it helps farmers learn about suitable
farming methods and technologies.

3.5 Implications of access to MLS for maize production and technical efficiency

This section presents both the standard and bias-corrected TE scores of farmers with access to MLS
and those without access. The standard TE and bias-corrected TE scores were computed using the
standard SPF model and sample selection correction SPF model. Note that when access to the MLS
variable is neither random nor exogenous, the sample selection correction SPF model produces
unbiased and consistent estimates of the TE than the default (standard) SPF model since the
former accounts for the sample selection (unobserved heterogeneity) problem. The results are
obtained using both the unmatched and matched samples.2

Before examining how farmers’ access to MLS affects inefficiency, it is important to assess
whether an inefficiency problem exists. As shown in Tables 4a and 4b above, the Gamma (g) esti-
mates in all models are statistically significant, prompting us to reject the null hypothesis
(H0:g = 0) that there is no inefficiency problem. The result means that technical inefficiency is sto-
chastic and contributes significantly to the observed maize yield variability, rendering the SPF
model superior to the ordinary least squares (OLS) estimator. The same result is revealed by
Abdul-Rahaman, Issahaku, and Zereyesus (2021), Olagunju et al. (2021), Wassihun, Koye, and
Koye (2019), and Bravo-Ureta, Greene, and Solís (2012). Once the inefficiency problem is
confirmed, we find it important to discuss the role that farmers’ access to MLS plays in eliminating
technical inefficiencies in maize production.

The standard TE results are shown in the first, second, and third columns, while the bias-corrected
TE results are shown in the fourth, fifth, and sixth columns of Table 7. In addition, we computed the
Epanechnikov kernel density plot (Figure 2a) and Violin plot (Figure 2b) to show the distribution of
bias-corrected TE of farmers with access to MLS and those without access after implementing the
matching technique. The density curve with yellow and green filled areas in Figure 2a shows the
bias-corrected TE of farmers with access to MLS and those without access, respectively.

In Figure 2b, the green rectangle represents the inner quartile range, which holds 50% of maize
farmers’ TE. In addition, the mean and median TE values are denoted by the blue dot and red bold
line, respectively. From the two graphs, we observe that the distributions of TE scores differ between
farmers with access to MLS and those without access. Generally, farmers with access to MLS have
distributional plots that are closer to the standard normal distribution function than those
without access. In addition, the median TE in the inner quartile range of the Violin plots appears

Table 7. Technical efficiency scores

Standard stochastic frontier production
function

Sample selection stochastic frontier
production function

Sample Mean SD Test of means Mean SD Test of Means

Unmatched sample
Pooled 0.59 0.18
Access 0.62 0.13 4.79*** 0.69 0.11 3.58***
No access 0.56 0.18 0.58 0.15
Differential (%) 10.7 15.5
Matched sample
Pooled 0.58 0.15
Access 0.62 0.13 4.53*** 0.71 0.60 6.00***
No access 0.55 0.17 0.09 0.14
Differential (%) 12.7 18.3

Legends *** shows a 1% significance level
Source: Field data, 2021
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to be close, but the mean TE between farmers with access to MLS and those without access differ
significantly. These results are reinforced by Table 7 below, which presents the mean TE for the
two groups.

Farmers with access to MLS are technically more efficient than those without access. The ben-
eficial effects of MLS on technical efficiency and productivity may be attributable to the fact that
cooperative labour-sharing methods allow farmers to plant on time to prevent crop failure in
climate-sensitive agriculture (Mohammed, Baffour, and Rahaman 2021). According to Nkegbe and
Shankar (2014), mutual labour sharing encourages smallholders to embrace more improved technol-
ogies, which boosts production and efficiency. Relatedly, Mohammed and Abdulai (2022) revealed a
significant positive impact of egocentric networks on farmers’ technical efficiency in Ghana, and Ola-
gunju et al. (2021) revealed a significant positive impact of cooperative membership on maize

Figure 2a. Epanechnikov kernel density plot, Source: Field data, 2021.

Figure 2b. Violin plot, Source: Field data, 2021.
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technical efficiency in Nigeria. The result is also consistent with Llones et al. (2022) who revealed that
participation in collective action improves the production of efficiency of irrigated rice farmers in
Northern Thailand. The study demonstrates that farmer-to-farmer relationships or social networks
are crucial for improving farmers’ efficiency in developing countries. Nonetheless, the mean TE in
the current study is still lower than those found in most studies (Kwawu, Sarpong, and Agyire-
Tettey 2022; Abdulai, Zakariah, and Donkoh 2018; Aravindakshan et al. 2018; Olagunja et al.
2021). On average, the standard TE before and after implementing the matching technique is
0.62 (SD = 0.13) for farmers with access to MLS and 0.56 (SD = 0.18) and 0.53 (0.17) for those
without access, indicating that the former is 10.7-12.7% technically more efficient than the latter.
Similarly, the mean bias-corrected TE before and after implementing the matching technique is
0.69 (SD = 0.11) and 0.71 (SD = 0.09) for farmers with access to MLS and 0.58 (SD = 0.15) and 0.60
(SD = 0.14) for those without access, implying that the former is 15.5-18.3% technically more
efficient than the latter group. As presented above, the TE values for farmers with access to MLS
have smaller SD than it is for those without, indicating that the TE values of the former are more
homogeneous than those of the latter.

4. Conclusion

In this study, we provide evidence of the impact of MLS on maize productivity and the technical
efficiency of farmers in northern Ghana. We employed both standard and sample selection translog
stochastic production frontier (SPF) models with the propensity score matching technique to calcu-
late bias- and bias-corrected frontier productivity and technical efficiency. Using cross-sectional data,
we show that access to MLS plays a significant role in the productivity and technical efficiency of
farmers, but it does not eliminate technical inefficiency in maize production. We observed that tech-
nical inefficiency accounts for about one-third of the yield loss in maize among farmers with access
to MLS. Following the results, the technical efficiency scores would have been underestimated and
misleading for policymakers and other potential users of the findings if selection bias from both the
observed and unobserved factors was not adequately addressed. The study demonstrates the impor-
tance of access to MLS in improving maize productivity and the technical efficiency of farmers in
northern Ghana. Beyond access to MLS, we also showed that the farmer’s decision-making position
in the household, extension visits, access to credit, distance from house to farm, and farm size act as
important factors for improving technical efficiency through the efficient use of inputs. The study
may have significant implications for rural agriculture since it would call for policies that promote
and strengthen collective action among farmers. Policies are thus, needed to help farmer groups
and extension agents promote MLS accessibility among farmers.

Notes

1. Smallholder farmers are those who cultivate less than 2 hectares of land (MoFA 2021).
2. The unmatched sample includes subgroups with unrelated characteristics, while the matched sample includes

subgroups with identical characteristics, except for farmers’ access to MLS.
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