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Comparison of technical efficiency and
technology gaps between contracted and
non-contracted vegetable farmers in Western
Kenya
Joseph Alulu1*, David Jakinda Otieno1, Willis Oluoch-Kosura1 and Justus Ochieng2

Abstract: Contract farming is an innovative institutional arrangement with poten
tial benefits to the livelihoods of value chain actors. However, there are mixed
results in the literature on the extent to which participation in contracts contributes
to farm efficiency and optimal use of available technology. This study estimated
and compared technical efficiency (TE) and technology gap ratios (TGRs) between
contracted and non-contracted farmers of chili pepper and spider plants in rural
areas of Kenya. The study used both qualitative and quantitative data from
a multistage sample of 300 vegetable farmers. The stochastic frontier and two-limit
Tobit models were applied to analyze TE and its determinants, respectively. Further,
a metafrontier method was used to estimate TGRs. Results showed that, for both
spider plant and chili, contract participants had higher mean TE with respect to the
metafrontier (0.66 and 0.24) compared to non-participants (0.12 and 0.15),
respectively. Based on the positive effect of contract farming on TE, this study
emphasizes the need for targeted interventions that reduce the bottlenecks that
hinder effective participation in contracts.
Subjects: Agriculture & Environmental Sciences; Sustainable Development; Development
Policy; Rural Development; Economics andDevelopment; Economics
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Smallholder vegetable farmers face many mar
ket challenges including delayed payments, no
payments, faulty weighing scales and rejection
of their produce by different market channels
due to unstandardized quality criteria. Contract
farming is considered as a potential solution to
the numerous marketing challenges. However,
effective uptake of contracts by farmers requires
transparency and full disclosure of the contrac
tual terms to farmers. Clarification of roles and
responsibilities of contracting parties is also
essential to ensure win-win situation and mini
mize potential violation of the contractual terms.
Ultimately, well-functioning contracts are envi
saged to incentivize rural smallholder farmers to
increase their output and transition to profitable
commercial farming.
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1. Introduction
Smallholder farmers in many rural areas of developing countries in Africa depend on vegetable
production as a key enterprise for livelihood sustenance. Schreinemachers et al. (2018) noted that
vegetable production forms an integral part of farm diversification and offers an economic
opportunity for reducing unemployment and poverty in less developed countries. Fischer et al.
(2020) also found that traditional vegetable value chains contribute substantially to food and
income requirements of women and poor farmers in less privileged areas of sub-Saharan Africa. In
Kenya, indigenous vegetables such as chili pepper (Capsicum species) and spider plants (Cleome
gynandra) are widely grown by smallholder farmers due to their nutritional and economic impor
tance. The nutritional relevance of chili derives from its high amounts of vitamin B6, vitamin K,
vitamin A and minerals such as magnesium, calcium, potassium, iron, thiamin, copper and folate.
Vegetables make a significant contribution to the economy of Kenya where 57% of spider plant
is produced for home consumption while the rest is for income generation. Nationally, the area
under chili is about 1,322 hectares (ha), producing a total of 11,133 metric tons (MT) with
a monetary value of Kenyan shillings (Kshs) 444,778,506.1 The area under indigenous vegetables
is 45,099 ha with a total volume of 224,751 MT valued at Kshs 5,621, 514, 888 (Republic of Kenya,
2019). In the recent years, there has been an increasing awareness of the medicinal and nutri
tional value of chili and African indigenous vegetables including spider plant among consumers.
There has thus, been an increased demand of the same in both rural and urban areas motivating
smallholder farmers to venture into production of these vegetables in the process of meeting the
prevailing demand and making economic profits from sales of crops. Although farmers expect to
gain profits from the sale of these vegetables, their production capacity is limited due to a number
of constraints and as a result the supply does not match the demand.
Vegetable production by smallholder farmers has been evolving overtime. For instance, in the
early years (1980s) smallholder farmers used to produce these vegetables for subsistence only
implying that the vegetables were being cultivated in small quantities. As time went by (2000s)
farmers started producing the vegetables for both consumption and marketing purposes (Alulu
et al., 2020). As from late 2010, smallholder farmers had started commercializing vegetable
production and one of the drivers of this trend was increased market demand due to increased
awareness of health benefits by consumers in both rural and urban areas. Initially, the point of sale
of vegetables was local spot markets but with time, high-value markets such as supermarkets and
formal contracts emerged. There have been fundamental constraints faced by farmers over time
for instance, inadequate access to production inputs including seeds and credit, poor market
linkages and low farm efficiencies. Currently, despite the notable multiple roles of these vegeta
bles, their production is characterized by inefficiency arising from smallholder farmers’ limited
access to and optimization of requisite inputs, skills and markets (Mburu et al., 2014). Most of the
smallholder farmers are semi-commercially oriented and resource-poor, hence lacking
a structured organization to enable them meet the dynamic market needs. The vegetable farmers
are thus constrained from accessing high value markets due to low production levels triggered by
low technical efficiencies across farms among other factors. To respond to the changing consump
tion patterns, market opportunities occasioned by the rising demand for these vegetables and to
address most of the smallholder farmers’ production constraints, contract farming has been
viewed as the solution. Overtime, there has been a debate of whether to focus on technological
change (introduction of new technologies such as seeds) or technical change (enhancing the
productivity of existing technology) in terms of farm-based policies. It appears that most small
holder farmers lack the capacity to optimize on the available resources leading to low farm
efficiencies and slow growth of productivity, which is a significant problem among smallholder
farmers. This provides a useful basis for comparing the technical efficiency (TE) and technology
gap ratios (TGRs) as suggested by Danso-Abbeam and Baiyegunhi (2020).The present study aimed
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at validating the perceived role of contract farming by comparing TE and TGRs in order to enhance
smallholder farmers’ welfare. Literature suggests that contract farming could help to eliminate the
resource access challenges that hinder agricultural productivity and efficiency in developing
countries (Bellemare & Novak, 2017). Some studies also hypothesize that contract farming could
improve smallholder farmers’ efficiency and productivity by enhancing coordination among farm
ers and other actors in the value chain in terms of production, processing and marketing (Nguyen
et al., 2015). However, there is limited empirical insight on the effect of contract farming on TE and
technology use among smallholder vegetable farmers. While some studies (Barret et al., 2012);
Bellemare & Novak, 2017; Dube & Mugwagwa, 2017) indicate positive effect of contract farming on
welfare, others (Miyata et al., 2009) find negative or no significant effect. Moreover, there is
inadequate analytical insight on motivations for contract violations among smallholder farmers.
This study contributes to the body of knowledge by computing TE and TGRs for contract partici
pants and non-participants, and analyzing the determinants of TE for chili pepper and spider plant,
the rarely investigated value chains. The rationale for comparing TG and TGRs is based on two
arguments. First TE and TGRs are inseparable despite some of the previous studies separating the
two. Secondly, there have been inconclusive findings from previous literature as far as the effect of
contract farming on TE and TGRs is concerned as some studies find a positive while others
a negative relationship. The present study therefore aims at establishing whether indeed, contract
farming has a positive contribution to TE and TGRs on vegetables that have hitherto been ignored
in previous empirical research of this nature. The comparison between contracted and noncontracted farmers is envisaged to illuminate development policy towards targeted interventions
that enhance the contribution of contracts on farm efficiency and smallholder livelihoods.

2. A review of knowledge gaps
2.1. Technical efficiency, technology gaps and contract farming
A considerable amount of literature has focused on the effect of contract farming on the welfare of
farmers using food security as the main indicator, while relatively little has been done on its effects
on efficiency. Studies like Bellemare and Novak (2017) and Narayanan (2014) used aggregate onfarm income, which could lead to misappropriation of the benefits of contract farming since it is
difficult to attribute whether the income increase is actually from contract farming or other
factors. In order to overcome this challenge, the present study fills this gap by using income
from the target crop under contract farming. There are major gaps in the study of contract
farming. For instance, Henningsen et al. (2015) raises a concern that contract farming improves
potential yield levels but leads to a decline in TE. Dube and Mugwagwa (2017) found that contract
farming had a significant positive effect on efficiency of smallholder farmers in Zimbabwe. The
study revealed that, farmers who do not participate in contracts are about 10% more inefficient
than contract farmerse. In addition, Chang et al. (2006) noted that a contract farmer on average is
20% more efficient than a farmer not in contract. Other studies such as Miyata et al. (2009) found
no significant difference in TE of farmers in contract farming and non-participants.
Mensah and Brummer (2016) in their study of drivers of TE and technology gaps in Ghana’s
mango production sector used the metafrontier estimation technique to derive performance
estimates. Their findings revealed that, other than technical inefficiency, technology gaps play
an important role in explaining production deficits. This supports the comparison of TE and TGRs in
the present studies. Their study suggested that it would be economically more rational to design
programmes that enhance farmers’ managerial capabilities to enable such farmers to make better
use of existing technologies to increase their output. However, the present study sought to
improve on this suggestion by investigating an institutional innovation (contract farming) that
entails a wider scope and incorporates sector-wide policies.
Jiang and Sharp (2015) assessed TE and technological gap of New Zealand dairy farms using
a stochastic meta-frontier model and found that farm size had a smaller and insignificant positive
impact on individual farm efficiency performance. This is against the expectation and hence, the
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need for validation in the present study. Kolawole (2006) applied the stochastic frontier model to
measure efficiency. The study found that the coefficients for farming experience and the age of the
farmer were negative. This implied that the aged and most experienced farmers are more
technically efficient compared to young farmers. This previous study however, found that the
level of education had a positive coefficient meaning that the cost inefficiency of farmers increases
with the years of education. This contradicts the ideal assumption that education empowers
farmers with knowledge and skills to improve their overall farm efficiency.
Haryanto et al. (2016) estimated TE and technology gap in Indonesian rice farming using Data
Envelopment Analysis (DEA), metafrontier and Tobit regression. However, DEA has its own short
comings for instance, results are sensitive to the selection of inputs and outputs, high efficiency
values can be obtained by being truly efficient or having a niche combination of inputs/outputs and
the number of efficient firms on the frontier increases with the number of inputs and output
variables. The present study aims at overcoming these shortcomings by applying metafrontier
approach. Additionally, Berre et al. (2017) implemented a non-parametric frontier efficiency
method, DEA, whose merit is that it allows for the assessment of TE with respect to
a production frontier. The frontier efficiency is based on best-performing farms in terms of input
minimization and output maximization. However, as pointed out earlier, coefficient estimates of
DEA may not be robust. Gatti et al. (2015) points out that estimation of the technological gap
between stochastic frontier approach and metafrontier can be useful to design public policies and
programs that promote innovation, investment and technological change because they measure
the potential improvement in performance resulting from changes in the production environment
by investing in physical, financial and human capital. It is against this background that the present
study embraces metafrontier analysis.
The present study builds on Danso-Abbeam and Baiyegunhi (2020) who used stochastic frontier
and metafrontier models in estimating TE and TGRs of cocoa farmers in GhanaMetafrontier
analysis accounts for heterogeneity in farm technologies across groups or regions. While DansoAbbeam and Baiyegunhi (2020) compared regions, the present study compared TE and TGRs of
contracted and non-contracted vegetable farmers. Similarly, Alem et al. (2019) estimated TGR
using a single output framework.
Tavva et al. (2017) assessed TE of wheat farmers and options for minimizing yield gaps in
Afghanistan using stochastic frontier method. There are documented methodological limitations
in using stochastic frontier production function independently for instance, maximum likelihood
does not allow assessing the reliability of inferences in small samples, the absolute level of TE is
quite sensitive to distributional assumptions, but rankings are less sensitive and an assumption
regarding to a specific functional form of stochastic frontier. Moreover, Khanal et al. (2018)
assessed technical efficiencies and technology gaps of Nepalese farmers in different agroecological regions using metafrontier approach. Tsiboe et al. (2019) who estimated vegetable
production technical efficiency and technology gaps in Ghana, highlights the need to improve
farmers’ access to agricultural markets and strengthening social capital such as farmers’ partici
pations in relevant agricultural organizations and institutions. The present study bridges this gap
by investigating contract farming which is an institutional innovation in relation to TE and TGRs.
Likewise, Bahta and Hikuepi. (2015) estimated TE and technological gaps of beef farmers in three
regions of Botswana and recommended metafrontier analysis as access to technologies may differ
within regions due to different farm characteristics.
Most of the previous studies have used deterministic production functions to estimate the effect
of contract farming on efficiency, using such approaches has however brought in inherent limita
tions in statistical inferences (Mabe et al., 2019). The present study therefore uses the parametric
stochastic frontier estimation of efficiency using input variables; fertilizer quantity, seed quantity,
paid labor and land size and metafrontier approach to estimate TGRs. In measurement of labor,
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unlike previous studies, the present study uses labor directly involved in the production of the
target crops to overcome bias.

2.2. Theoretical framework
This study is based on two key theories; the principal-agent theory and the theory of production.
Agency theory explains relationships among actors in a given context. It describes the relationship
between principals or agents and delegation of control. It gives strategies to best structure
relationships where one party determines what is to be done and the other performs decisions
on behalf of the principal (Belot & Schröder, 2013). This theory forms the basis for showing
relationships between contracted farmers and firms. The agency theory points out that it is
difficult to account for uncertainties in contracts; hence, this increases transaction costs as
a result. Increased transaction costs have a possible effect on uncertainty and information
asymmetry result into two main types of agency problems, which are moral hazard and adverse
selection.
The theory of production posits that rational individuals will combine inputs in an efficient
manner in order to obtain optimal outputs from available technology given input costs (Coelli
et al., 2005). The theory of production is operationalized through the Agricultural household model,
where it is considered that a household produces a variety of outputs to consume and/or market.
A household is thus faced with utility maximization problem. Rationally, a household maximizes
utility by going for goods at a level where they produce (Qi); using inputs (Xi), consume (Ci), buy (Ni)
and sell (Si). The household is thus required to maximize utility subject to several constraints for
instance, production technology, income and resources. Following the assumption that markets
are perfect (with zero transaction costs), the household will have the following constrained
optimization problem (Azam et al., 2012).
MaxuðCi ; Zc Þ

(1)

Subject to
m
i Si

þ B �i m Ni Income constraint

(2)

Qi þ þ N � Xi þ Ci þ Si Resource constraint

(3)

GðQ; XÞ ¼ 0Production technology constraint

(4)

Ci; Qi; Xi; Ni; Si � 0Non

(5)

negativity constraint

where:
Pm
i represents the market price, Ei denotes household endowment in a good, B is the exogenous
income, Zc denotes household attributes and Zq represents technology attributes.
The income constraint (Equation 2) states that total transfers and revenue should be greater or
equal to expenditures. The resource constraint (Equation 3) shows that the quantities of goods
used as inputs, consumed, and sold should not be more than the total amount of output produced.
The production constraint (Equation 4) shows the kind of technology used in production, which is
the interaction of inputs and outputs.
Cognizant of the resource constraints described above and the underlying decisions that
a rational farmer must make in order to optimize their returns, this study analyzes TE and TGRs
for contracted and non-contracted farmers.

Page 5 of 25

Alulu et al., Cogent Food & Agriculture (2021), 7: 1910156
https://doi.org/10.1080/23311932.2021.1910156

3. Methodology
3.1. Sampling procedure and data collection
Data was collected from a survey of chili and spider plant farmers in Bungoma and Busia counties
in Western Kenya. Bungoma and Busia counties were selected because of suitable climatic con
ditions for production of indigenous vegetables that require less capital inputs and thus potential
for poverty reduction among rural households and; their strategic geographic location at the
Kenya-Uganda border, which provides an opportunity for marketing. Other high potential agricul
tural zones of Kenya such as the central highlands where contract farming for exported agricul
tural produce is dominant were omitted due to the need to understand how rural smallholder
farmers in traditionally subsistence systems are likely to adopt contract farming, which is
a relatively new institutional phenomenon to them.
This study employed Cochran (1963:75) formula to compute the sample size as follows:
n0 ¼

Z2 pq
e2

(6)

where,
n0 = sample size
Z = Abscissa of normal curve that cuts off an area α at the tail (1- α is the desired confidence
level for this case, 95%)
e = desired level of precision
p = estimated proportion of an attribute present in the population (0.5 for this case)
q = (1-p)
Expected sample size ¼

ð1:96Þ2 ð0:5Þ ð0:5Þ
0:052

¼ 385

(7)

The eventual sample size was 300 (78% response rate) due to incomplete questionnaires that were
missing crucial data for key variables such as input use and income.
A multistage sampling procedure (Bakshi et al., 2019) was applied in the selection of the
respondents. First, two sub-counties, Bumula and Matayos were purposively selected in
Bungoma and Busia counties, respectively due to the level of concentration of chili and spider
plant farmers in the two areas compared to the rest. In the second stage, two wards were selected
from each sub-county using simple random sampling. The third stage had two villages selected
from each ward using simple random sampling method. In the fourth stage, contracted farmers
were selected from lists provided by farmers’ field school (FFS) officers from each sub-county using
systematic random sampling method; where every second responded was selected. The list for
Bumula sub-county had 225 contracted farmers while that for Matayos had 90. A total of 110 and
39 contracted farmers were selected from Bumula and Matayos sub-counties, respectively. Noncontracted farmers were selected from a sampling frame provided using systematic random
sampling method where every second and fifth respondent was picked for interview from
Bumula and Matayos, respectively based on the differences in number of contracted farmers on
lists for both sites. We acknowledge that while our selection of contract participants and nonparticipants from the FFS lists was meant to provide a neutral sampling frame and thereby
overcome outright bias that would have occurred if the lists had been obtained directly from the
contracting companies, our sample may not be fully unbiased. As such, we recommend that future
studies of this nature should develop ways of eliminating the sampling bias by use of
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a combination of self-reported lists from contracting firms, the contracted farmers, FFS and other
neutral agencies such as public and private extension workers.
It is important to note that, there were several contracting firms in the study area but they all
had similar contractual terms of delivering inputs upfront, offering support services and buying the
crop at relatively close prices. This implies that there was no heterogeneity in contracting firms to
affect the smallholder farmer’s decision to participate in contract farming. In addition, FFS mem
bers were farmers producing vegetables, chili and spider plant included and poultry though not all
members of FFSs were contracted.
The study also employed a combination of participatory approaches; key informant interviews
and a focus group discussion (FGD) for preliminary data collection prior to the main survey. Key
informant interview involved consultations with 4 input suppliers, 2 agricultural extension officers,
2 value addition experts and 2 local administrators summing up to 10 participants. This was useful
in obtaining insights on evolution of contracts and other production techniques over the years. The
stakeholders involved in the FGD included; 2 input suppliers, 2 producers of vegetables, 1 private
and 1 government extension officer, 1 broker, 1 farm laborer, 2 vegetables assemblers, 1 distri
butor of vegetables, 1 value addition expert, 1 local administrator, 1 vegetables traders and 1
vegetable consumer making a total of 15 participants. Focus group discussion enhances a broader
perspective of the research issues and eliminates individual bias in data collection (Boateng, 2012).
The aim of the FGD was to get insights concerning the determinants of participating in contract
farming, its effects on farm efficiency, and income.
Semi-structured questionnaires were used for collecting primary data. The questionnaire had
five major sections. First, questions on household identification, then the second section had
questions on land ownership and vegetable production including input use. The third section had
questions concerning vegetable marketing, the fourth section dealt with institutional support with
questions on social capital and extension services. Finally the last section had questions on
livelihoods and socio-demographic.

3.2. Estimation of technical efficiency of vegetable farmers
This analysis is relevant in the sense that it will provide information needed to improve technical
performance of farmers by enabling them to adopt better farming practices. It could be misleading
to compare performance of various value chains based on yield per acre or hectare alone. Bringing
in contract in the efficiency analysis will help in appreciating value chain-based innovations and
their role in enhancing efficiency and improved welfare in general.
Previous studies focused on measurement of TE using deterministic production functions. Due to
inherent limitations on the statistical inferences from such approaches, this study adopted the
parametric stochastic frontier advanced by Meeusen and van Den Broeck (1977). This is empirically
specified as follows:
Yi ¼ f ðXi ; βÞ þ εi i ¼ 1; 2; . . . n

(8)

where Yi is output, Xi represents the input vector, β denotes the vector of production parameters
and ε represents the error term that consists of two components, shown below:
ε ¼ Vi

Ui

(9)

The first term Vi is the random error. The second component Ui represents the inefficiency
component.
According to Jondrow et al. (1982), the TE estimation is given by the mean of the conditional
distribution of inefficiency term, Ui, ε as follows:
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EðUi jεi Þ ¼

σu : σv: f ðεj λj σÞ
� 1 Fðεj λj σ

εi λ
σ

(10)

where,
λ ¼ σu =σv2 ; ¼ σ2 u þ σ2 v

(11)

F represents the cumulative distribution function and ƒ the standard normal density which are
determined at, ελ/σ.
Using the readily available technology that is derived from results of Equation (11), the farmspecific TE is defined in terms of the observed output, which is given by Yi to the corresponding
frontier output given by Y* as shown below.
From the stochastic frontier, the TE of ith farmer can be calculated as:
TEi ¼

Yi f ðXi ; βÞexpðVi Ui Þ
¼
¼ expð Ui Þ
f ðXi ; βÞexpðViÞ
Yi�

(12)

Following Jondrow et al. (1982), the conditional mean of U is given as
� �
�
f ðεi λ=σÞ
εi λ
EðUi jεi Þ ¼ σ2�
1 F� ðεi λ=σÞ
σ

(13)

where,
λ ¼ σu =σv ; σ ¼

pffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2u þ σ2v ; σ2� ¼ σ2v σ2u =σ2 .f � F� ðεi λ=σÞ

The TE takes values within the interval (0, 1), whereby 1 represents a fully efficient farm.

3.3. Metafrontier estimation of technology gap ratios
This approach is applicable in estimating TE among different groups with varying levels of technol
ogy. The groups used in this study were contract participants and non-participants for chili and
spider plant independently. This method involved estimation of separate stochastic frontiers for
the groups. It was assumed that vegetable farmers had different levels of technology in operation.
A likelihood ratio (LR) test was first conducted to determine whether differences in technology
between contract participants and non-participants for each vegetable were statistically signifi
cant to form a basis for constructing the metafrontier.
Assuming there are z locations, the stochastic frontiers of contract participants and nonparticipants are specified as:
�
�
z
Qzik ¼ f Xijk
; βzk e2k i ¼ 1; 2 . . . N; j; k
¼ Contractparticipantð1Þ; Contract

(14)

nonparticipantð2Þ
z
Qzik represents vegetable output of zth location from the ith farm for the kth farmer Xijk
represents

a vector for the jth variable input used in zth location by the kth farmer the ith farm, βzk is a vector of
coefficients associated with the independent variables for the stochastic frontier for the kth farmer
involved in zth location, e2k ¼ vikz
vikz and inefficiency term uzik .

uzik denote an error time that is decomposed to statistical noise

According to Battese and Corra (1977), output variation from the frontier due to uzik can be
defined as:
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γ¼

σ2uZ

ik

σ2ik

and 0 � γ � 1

(15)

whereσ2 ¼ σ2uik þ σ2vik
The LR test was conducted to establish the most appropriate functional form between conven
tional Cobb-Douglas and alternative translog specifications; the Cobb-Douglas form fitted the data
better. The Cobb-Douglas production frontier for contract participants and non-participants was
specified as shown in Equation (16):
6

z
LnQzik ¼ βz0k þ ∑ βzik LnXijk
þ vikz
j¼1

uzik : k

¼ contractparticipantsð1Þ; contract

nonparticipantsð2Þ

(16)

z
where Qzik represents vegetable output (kg), Xijk
denotes vectors for variable inputs used on farms
such as vegetable seeds (kg), land size (acres), labor (man-days) and fertilizer (kg), βz0k is the
constant term, βzik denote coefficients of the inputs used which were estimated, vikz represents
statistical noise and uzik is the technical inefficiency.

The TE of the ith farm in the zth region with respect to the stochastic frontier is defined as the
ratio of the observed output Qzik to Qz�
ik given that there are no inefficiencies in the production
(Battese et al., 2004). This is given as:
z

TEzik ¼

z

Qzik f ðXikz ; βzk Þeuik vik
¼
¼e
z
Qz�
f ðXikz ; βzk Þevik
ik

uzik

The most appropriate predictor of TE is derived by specifying Equation (22) as;
�
��
TEzik ¼ E exp uzik 0 � TEzik � 1

(17)

(18)

The LR test was used to test the existence of technology gaps between contract participants and
non-participants among vegetable farmers. The test has been used by Junaedi et al. (2016) to
assess existence of technology gaps between different groups. The test involves estimation of
specific stochastic frontiers for the two groups separately followed by a pooled sample from the
two groups and assumes a null hypothesis that the stochastic frontiers (technologies) for the
participants and non-participants are equal. The LR test is given by;
� �
��
LH0
LR ¼ 2 ln
¼ 2fLnðLH0 Þ LnðLH1 Þg
(19)
LH1
where LnðLH0 Þ denotes log likelihood function value for stochastic frontier of the pooled sample
and LnðLH1 Þ are the summed functions for the stochastic frontiers estimated separately for the
contract participants and non-participants. The null hypothesis is rejected (Table 5) implying that
there are differences in production technologies across farms thus a justification for the estimation
of the metafrontier (Battese et al., 2004).
Technology differences between contract participants and non-participants were addressed by
the metafrontier, which is assumed to be a smooth function that envelopes the specific partici
pants’ and non-participants’ stochastic frontiers (Battese & Rao, 2002). The metafrontier of the
pooled vegetable farmers is given by:
6

z�
z�
z�
z
lnQz�
i ¼ β0 þ ∑ βj lnXij þ εij ; j ¼ 1; 2; 3; . . . ; j

(20)

j¼1

where;
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th
Qz�
i represents the metafrontier output from z regions

Xijz� is the vector of variable inputs used in the farms such as vegetable seeds (kg), land size
(acres), labor (man days) and fertilizer (kg),
βz�
0 is the constant,
βz�
j are the parameters to be estimated,
Asterisk (*) represents the metafrontier
εzij is the error term.
In this model, only the output and input variables were fitted. The metafrontier approach
accounts for deviation between an observed level of output and the highest output that is realized
in the group frontiers given a specific input level as well as accounting for the differences in
technology (Battese et al., 2004). The parameters βz�
j of the metafrontier were estimated through
solving a linear minimization problem, expressed as:
�
min∑i ¼ 1N ln f Xiz ; βz�
lnfXiz ; βz
�
s:t: ln f Xiz ; βz� � lnfXiz ; βz

(21)

�
where ln f Xiz ; βz� denotes the metafrontier and lnfXiz ; βz are the farmers’ frontiers (Battese et al.,
2004).
In reference to the metafrontier, the observed vegetable output in zth region of the ith farm in
the kth farmer measured using the stochastic frontier shown earlier is illustrated as:
�
�
�
� z
f x z ; βz
z�
uzik � ijk k �
Qi ¼ e :
:f xzijk ; βz�
evik
k
f xzijk ; βz�
�k
�

(22)

f xzijk ;βzk

� refers to the TGR and it is a measure that lies between 0 and 1, hence:
In equation 17, �
z�
z
�
�f xijk ;βk
f xzijk ; βzk
�
TGRzik ¼ �
(18)
f xzijk ; βz�
k
Therefore, TEz�
ik can be derived through multiplying the TE in relation to the stochastic frontier of
the individual group and the TGR such that:
z
z
TEz�
ik ¼ TEik � TGRik

(23)

3.4. Assessment of the determinants of technical efficiency among vegetable farmers
biased results, because the model estimated at the first step is misspecified. The solution
to this bias problem is a one-step procedure based on the correctly specified model for the
distribution of ygiven xand z. In the one-step procedure the assumed relationship between
zand technical efficiency is imposed in estimating the technology and the firms’efficiency
levels, not just at the last stage of the exerc
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A two-limit Tobit model was applied in assessing determinants of TE among vegetable farmers
since TE scores are normally distributed and bounded between 0 and 1 (Mirza et al., 2015).
The two-limit Tobit model that was estimated can be expressed as:
u� ¼ Xβ þ e
8
9
< 0ifu� <0 =
�
�
u ¼ u if 0<u
:
;
1ifu� >1

(24)

where u� denotes a continuous latent value of the TE score:
u denotes the observed value of the metafrontier TE score;
X denotes a matrix various socio-economic characteristics of vegetable farmers and other
independent variables that may affect TE
βs represents vectors to be estimated;
e denotes the random term.

4. Results and discussion
4.1. Stochastic frontier estimates
Table 1 below shows stochastic frontier TE estimates for spider plant farmers.
From the results in Table 1, among spider plant farmers, contract participants had higher TE
scores (0.80) compared to non-participants (0.45). These results are consistent with the findings of
Mishra et al. (2018), Tavva et al., 2017) and Haryanto et al. (2016) who found a positive relationship
between contract farming and TE. Mishra et al. (2018) in their study found that contract farming
increased TE of high value crop producers from 87% to 94% and low value crops from 89% to 97%.
This is attributed to the fact that contract participants have a better access to inputs such as
fertilizer and seeds compared to non-participants. Land and labor had positive coefficients among
spider plant contract participants implying that increased used of the inputs increased output.
These results are in accordance with those of Alem et al. (2019), Khanal et al. (2018), Bellemare
and Novak (2017), El-Ghoraba et al. (2013) and Barrett et al. (2012).
In the pooled sample results, fertilizer had a negative coefficient showing an inverse relationship
with output. This could be due to application of the wrong fertilizers on the soil. This happens when
soil characteristics conflict with the fertilizer applied. Too much fertilizer could also cause scorching
effect. While previous studies like Miyata et al. (2009) showed contradictory results that question
the benefits of contract farming for instance, the balance of power between the producers and
input suppliers, the present study validates the positive effect of contract farming on TE. Our
finding is attributed to the fact that most contracts provide technical assistance to their farmers as
well as production inputs upfront, thus enhancing efficient combination of inputs leading to
higher TE.
Table 2 shows stochastic frontier TE coefficient estimates for chili farmers.
Results in Table 2 indicate that contract participants among chilli farmers recorded higher TE
scores (0.675) than contract non-participants (0.338).These results are synonymous to those of
Bellemare and Novak (2017) thus validating the previous findings that contract farming has
a positive effect on TE. The lower TE of non-participants is attributed to imbalanced use of inputs.
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−90.66

2.307

1.039

0.101

0.052

0.159

0.035

2.316

Standard Error

Source: Survey Data (2019).

Note: statistical significance levels: *** 1%; ** 5%; *10%.

Log Likelihood
function

0.80

0.077

Seeds

Mean TE

−0.003

Fertilizer

0.640

0.875***

Labor

0.145**

0.103***

Land

Gamma

5.939***

Constant

Sigma Squared

Coefficient

Variable

Contract participants
(n = 79)

0.063

0.616

0.755

−0.067

5.522

2.972

2.564

t-ratio

Table 1. Stochastic frontier TE results for spider plant farmers

−119.98

0.45

0.892***

1.874***

0.105*

−0.071

0.002

0.139

4.580***

Coefficient

0.158

0.698

0.058

0.046

0.170

0.115

0.423

Standard Error

Contract non-participants
(n = 94)
t-ratio

5.643

2.685

1.821

−1.563

0.014

1.214

10.838

−288.30

0.58

0.323

2.067*

0.145**

−0.145***

0.313*

0.176***

5.093***

Coefficient

0.708

1.199

0.071

0.051

0.187

0.053

0.994

Standard Error

Pooled Sample
(n = 173)

0.456

1.724

2.045

−2.842

1.675

3.303

5.124

t-ratio

Alulu et al., Cogent Food & Agriculture (2021), 7: 1910156
https://doi.org/10.1080/23311932.2021.1910156

Page 12 of 25

0.108***

0.861***

−0.004

0.051

0.758

0.408

0.675

Land

Labor

Fertilizer

Seeds

Sigma Squared

Gamma

Mean TE

0.789

0.540

0.102

0.053

0.155

0.035

0.776

Standard Error

Source: Survey Data (2019).

Note: statistical significance levels: *** 1%; ** 5%; *10%.

−79.047

6.119***

Constant

Log Likelihood
function

Coefficient

Variable

Contract participants
(n = 70)

0.517

1.403

0.501

−0.080

5.561

3.127

7.889

t-ratio

Table 2. Stochastic frontier TE results for chili farmers

−86.322

0.338

1.000

5.442

0.511***

0.377***

−0.677

0.113

7.799***

Coefficient

0.000

0.241

0.120

0.085

0.477

0.110

0.247

Standard Error

Contract non-participants
(n = 57)
t-ratio

1.258

22.559

4.269

4.442

−1.421

1.029

31.584

−185.800

0.419

0.856

2.537

0.152*

0.057

0.451***

0.136***

6.878***

Coefficient

0.089

0.548

0.081

0.054

0.166

0.049

0.289

Standard Error

Pooled sample
(n = 127)
t-ratio

9.658

4.628

1.877

1.047

2.723

2.787

23.827
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Table 3. Second—order derivatives for production parameters of chili
Change in variable

Contract participants
(n = 70)

Contract nonparticipants
(n = 57)

Pooled
(n = 127)

Land

−0.00005***
(10.9)

−0.0022***
(6.0)

−0.0003***
(9.2)

Labor

−0.00108***
(6.3)

−0.0128***
(3.4)

−0.0047***
(4.7)

Fertilizer

−0.00015***
(9.4)

−0.0008***
(7.6)

−0.0004***
(8.4)

Seed

−0.00027***
(8.4)

−0.0014***
(6.7)

−0.0007***
(7.6)

Notes: statistical significance levels:***1%; **5%; *10%. Absolute values of the corresponding t-ratios are shown in
parentheses
Source: Survey Data (2019).

Table 4. Second—order derivatives for production parameters for spider plant
Change in variable

Contract participants
(n = 79)

Contract nonparticipants
(n = 94)

Pooled
(n = 173)

Land

−0.0001***
(10.2)

−0.9
(0.1)

−0.0003***
(8.7)

Labor

−0.0030***
(5.3)

−2.0
(0.5)

−0.0032***
(5.2)

Fertilizer

−0.0003***
(8.7)

−0.3*
(1.9)

−0.0003***
(8.8)

Seed

−0.0009***
(7.2)

−0.26*
(1.86)

−0.0005***
(7.9)

Notes: statistical significance levels: ***1%; **5%; *10%. Absolute values of the corresponding t-ratios are shown in
parentheses
Source: Survey Data (2019).

Land and labor had positive coefficients showing a direct relationship with output among chili
contract participants. For non-participants, fertilizer and seeds had a positive relationship with
output. The mean TE remains low because farmers were not able to optimally apply the inputs due
to inaccessibility of the inputs as implied by Mounirou (2020).

4.1.1. Regularity of production function parameters
In the theory of production, fulfilment of concavity test is a very crucial regularity condition. This
test requires that the second order derivatives of all the subject parameters should be negative.
This is to imply that the slope of the marginal physical product (MPP) should be negative. The MPP
of each production factor must be diminishing at the sample average. The present study fulfils the
concavity requirement for all the inputs and for both vegetables as shown in Tables 3 and 4.
The fulfilment of concavity requirement and the significance of the parameters imply that both
chili and spider plant farmers are rational in the utilization of their farm inputs.
� �
@MPPXi @ QβXi Xi
ψ:
¼
<0
(25)
@Xi
@Xi
where, Q is output, Xi denotes the ith production factor and β the corresponding elasticity (Coelli
et al., 2005).

Page 14 of 25

Alulu et al., Cogent Food & Agriculture (2021), 7: 1910156
https://doi.org/10.1080/23311932.2021.1910156

Table 5. Hypothesis tests on the production structure
Test

Parameter
restriction

LR test
statistic

Degrees of
Freedom

Chi-square
critical value
at 5%

Decision

H0

576.6

14

23.06

H0 Rejected

H0 participants
H0 nonparticipants

181.2
239.9

4
4

8.76
8.76

H0 Rejected
H0 Rejected

H0

371.6

14

23.06

H0 Rejected

H0 participants
H0 nonparticipants

158.2
172.6

4
4

8.76
8.76

H0 Rejected
H0 Rejected

Spider plant
Poolability of
group frontier
There is
inefficiency
Chili
Poolability of
group frontier
There is
inefficiency

Source: Survey Data (2019).

Table 4 shows the second order derivatives for production parameters of spider plant farmers.
All the production parameters are significant except for land and labor among contract nonparticipants. This shows that majority of the farmers are rational in input allocation.
Table 5 shows hypotheses tests on the production structure.
The critical values for the distribution were obtained from the statistical table of Kodde and Palm
(1986). For the two groups (contract participants and non-participants) for both spider plant and
chili, the null hypothesis that the stochastic frontiers (technologies) for the participants and nonparticipants are equal was rejected meaning that there were differences in technologies among
the farmers (groups) thus a justification for the use of metafrontier estimation.

4.2. Technical efficiency and technology gap ratios for vegetable contract participants and
non-participants
Table 6 below shows metafrontier results for vegetable farmers.
From the results above, contract participants among chili farmers had higher TE scores (0.236)
with respect metafrontier compared to contract non-participants (0.147). This suggests that
contract participants are more efficient in utilization of inputs. Chili contract participants also
had higher standard deviation (SD), 0.219 compared to non-participants (0.104). Higher SD implies
use of varied technologies such as irrigation and improved varieties among contract participants
compared to non-participants (Chang et al., 2015).
Results showed that, for spider plant farmers, contract participants had a higher mean TE (0.79)
compared to their non-participating counterparts (0.45). Chili contract participants also registered
a higher mean TE of 0.68 compared to non-participants who had 0.34. This is because farmers in
contracts have better access to production inputs and technical advice hence translating to higher
TE (Barrett et al., 2012). For both spider plant and chili, contract participants had higher TE with
respect to the metafrontier (0.655), (0.236) compared to non-participants (0.123), (0.147). Chili
contract participants recorded a slightly higher mean TGR (0.349) compared to non-participants
(0.329) while the TGRs for spider plant, were 0.821 for participants and 0.270 for non-participants.
Figure 1 below shows the distribution of TGRs for spider plant farmers in Bungoma and Busia
counties. For spider plant contracted farmers, the maximum TGR is 1. This implies that their
frontiers are tangent to the metafrontier (Battese et al., 2004). Given that the group frontier is
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0.260

0.323

SD

1.000

1.000

Max

0.009

0.012

0.303

0.104

0.678

0.349

0.219

SD

Min

0.662

Max

0.001

0.147

0.300

0.999

0.006

0.338

Non-participants
(n = 57)

Chili

Mean

0.009

0.088

SD

0.236

0.827

Max

Min

0.382

Min

Mean

0.675

Contract
participants
(n = 70)

Mean

Source: Survey Data (2019).

TGRs

TE w.r.t to
metafrontier

TE w.r.t stochastic
frontier

Model

Table 6. Metafrontier-based TE and TGRs

0.296

1.000

0.009

0.329

0.151

0.739

0.002

0.136

0.206

0.828

0.033

0.419

Pooled
(n = 127)

0.109

1.000

0.302

0.821

0.092

0.840

0.240

0.655

0.033

0.859

0.683

0.797

Contract
participants
(n = 79)

0.136

0.764

0.100

0.270

0.093

0.425

0.009

0.123

0.220

0.837

0.066

0.450

Non-participants
(n = 94)

Spider Plant

0.202

1.000

0.184

0.454

0.122

0.592

0.084

0.262

0.087

0.740

0.321

0.578

Pooled
(n = 173)
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Percent of Spider Plant farmers

Figure 1. Distribution of
Technology Gap Ratios among
spider plant farmers.
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0
0-0.25
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0.65-0.85

0.85-1.00

0.65-0.85
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Participants

Non-Participants
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Figure 2. Distribution of
Technology Gap Ratios among
chili farmers.
Percent of chili farmers
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tangent to the metafrontier, it means that in order to further increase production of spider plant,
a better technology should be introduced for those farmers who have fully exhausted the existing
technology.
The highest number of contracted spider plant farmers had their TGRs ranging from 0.65 to 0.85
while a majority of their uncontracted counterparts had their TGRs ranging from 0 to 0.25.
Figure 2 shows the TGRs for chili farmers in Bungoma and Busia counties. For both contract partici
pants and non-participants chili farmers, majority of the farmers had their TGRs ranging from 0 to 0.25.
The least number of both contracted and non-contracted chili farmers had their TGRs between 0.45 and
0.65. However, for both contracted and non-contracted farmers, their maximum TGR was 1 implying
tangency of their farm frontiers to the metafrontier.
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Figure 3. Distribution of techni
cal efficiency for spider plant
farmers.

80

Figure 4. Distribution of techni
cal efficiency for chili farmers.

Percent of chili farmers

70
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0
0-0.25

0.25-0.45

0.45-0.65

0.65-0.85

0.85-1.00

Technical Efficiency
Participants

Non-Participants

Figure 3 shows comparative distribution of TE with respect to stochastic frontier among spider
plant farmers.
There were no contracted spider plant farmers who had TE scores ranging from 0 to 0.25, 0.25 to
0.45 and 0.45 to 0.65. There were also no contract non-participating spider plant farmers who had
TE scores ranging from 0.85 to 1. The majority of contract participants among spider plant farmers
had their TE scores ranging from 0.65 to 0.85.
Figure 4 shows distribution of TE with respect to stochastic frontier for chili farmers. There were
no chili contracted farmers whose TE scores ranged from 0 to 0.25 and 0.85 to 1 as well. However,
the majority of chili contract participating farmers had their TE scores ranging from 0.65 to 0.85.
These results therefore lead to the rejection of the null hypothesis that there are no significant
differences in TE between contracted and non-contracted vegetable farmers.
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Table 7. Two-Limit Tobit results for determinants of technical efficiency for spider plant
farmers
Bungoma
Variable

Coefficient

Standard
error

Busia
Coefficient

Pooled

Standard
error

Coefficient

Standard
error

Age of the
farmer
(Years)

−0.004

0.044

0.049

0.065

−0.003

0.037

Household
size

0.000

0.030

0.128***

0.042

0.031

0.025

Years of
farming
experience

−0.008

0.013

−0.032

0.020

−0.009

0.011

Gender of
the farmer
(Male)

−0.006

0.023

0.000

0.033

−0.014

0.019

Years of
formal
education

0.019

0.018

−0.008

0.024

0.005

0.014

Distance
from home
to the
market (Km)

0.005

0.023

−0.150***

0.050

−0.014

0.022

Average land
size (Acres)

−0.025*

0.015

0.030

0.026

−0.013

0.013

Hired Labour
(Man-days)

0.004

0.019

−0.008

0.029

−0.011

0.016

Fertilizer
(Kgs)

0.018***

0.007

−0.003

0.009

−0.037***

0.014***

0.005

Seeds (Kgs)

−0.010

0.008

0.012

−0.013**

0.006

Access to
agricultural
credit

−0.009

0.027

0.021

0.032

0.004

0.021

Access to
agricultural
extension
services

0.018

0.024

−0.023

0.035

0.001

0.021

Participation
in contract
farming

0.253***

0.029

0.136**

0.052

0.222***

0.025

−0.013

0.019

0.055**

0.024

0.010

0.015

−0.150***

0.036

−0.105**

0.049

On-farm
income
(Kshs)
Constant
No of
observations
LR chi (13)
Prob>chi2
Log
Likelihood

113
78.31
0.000
88.58

−0.121***

60

173

55.12

108.49

0.000
47.58

0.029

0.000
123.16

Source: Survey Data (2019).
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Table 8. Two-Limit Tobit results for determinants of technical efficiency for chili farmers
Bungoma
Variable

Coefficient

Busia

Standard
error

Coefficient

Pooled

Standard
error

Coefficient

Standard
error

Age of the
farmer
(Years)

−0.012

0.062

−0.044

0.121

−0.026

0.054

Household
size

−0.031

0.037

−0.068

0.087

−0.045*

0.034

0.017

0.047

0.045

0.027*

0.016

0.042

−0.047

0.063

−0.040

0.032

Years of
farming
experience
Gender of the
farmer (Male)
Years of
formal
education

0.031*

−0.057
0.056*

0.039

0.065**

0.092

0.043

0.035

Distance
from home
to the market
(Km)

−0.013

0.028

0.037

0.064

0.000

0.026

Average land
size (Acres)

−0.017

0.022

−0.003

0.045

−0.011

0.020

Hired Labour
(Man-days)

−0.114**

0.050

−0.019

0.062

−0.049

0.038

Fertilizer
(Kgs)

−0.006

0.012

0.016**

0.001

−0.001

0.010

Seeds (Kgs)

−0.018

0.015

0.001

0.023

−0.010

0.013

Access to
agricultural
credit

−0.008

0.039

0.073

0.061

0.020

0.032

Access to
agricultural
extension
services

0.078*

0.040

0.023

0.062

0.062*

0.032

Participation
in contract
farming

0.072*

0.041

0.042

0.062

0.068*

0.035

0.030

−0.012

0.042

On-farm
income
Constant

−0.023
0.162***

0.055

No of
observations

88

LR chi (13)

15.06

Prob>chi2
Log
Likelihood

0.034
38.15

0.165*

0.081

39
7.94
0.093
16.61

−0.021

0.024

0.155***

0.044

127
13.92
0.455
50.60

Source: Survey Data (2019).

4.3. Determinants of technical efficiency among vegetable farmers
Table 7 shows Two-Limit Tobit results for determinants of TE for spider plant farmers.
Understanding the factors that influence efficiency and technology use helps in identification of
sources of inefficiencies for appropriate policy interventions. From Table 7, results show that, house
hold size was found to have a positive and significant effect on TE of farmers in Busia. This is explained

Page 20 of 25

Alulu et al., Cogent Food & Agriculture (2021), 7: 1910156
https://doi.org/10.1080/23311932.2021.1910156

by the fact that larger households are in a position to supply more labour on the farm that is useful in
vegetable production leading to higher TE compared to the smaller households. The results are in line
with the observations of Abate et al. (2019). As expected, the household size was hypothesized to
positively affect TE due to the capacity of the household to counter the constraints of labor, thus
improving TE.
The distance from home to the nearest local market had a negative effect on TE of farmers in
Busia County, implying that the further the farmer is located from the market the lower the TE is.
This could be due to the difficulty in accessing inputs, essential services and high transaction costs
involved. These results coincide with the findings of Mensah and Brummer (2016).
Fertilizer had a positive effect on TE for spider plant farmers in Bungoma County. Increments in
units of fertilizer applied increases TE up to a certain level due to the law of diminishing marginal
returns. These findings validates the results from Mamary et al. (2018) who found a positive coeffi
cient for organic fertilizer. Seeds had a negative effect on TE of farmers in both Bungoma and Busia
counties. These findings coincide with Trujillo and Iglesias (2013). The quantity of seeds was hypothe
sized to be negative due to the law of diminishing marginal returns.
Participation in contract farming was found to have a positive and significant effect on TE for
Bungoma and Busia counties and pooled sample. This is attributed to the fact that contracting
firms in most cases issue farmers with inputs and training upfront hence there is efficient
combination of inputs and good agricultural practices leading to higher TE. These results contradict
the findings by Miyata et al. (2009) who found insignificant differences in efficiencies between
contracted and non-contracted farmers. On-farm income had a positive effect on TE among
farmers in Busia county. As on-farm income increases, farmers obtain capital to re-invest in
production activities through purchase of farm inputs as noteded by Gramzow et al. (2018).
Similarly, Table 8 shows results for two-Limit Tobit results for determinants of TE for chili farmers
Just like the case of the spider plant farmers, results in Table 8 show that, household size had
a positive effect on TE for pooled chilli farmers. This is similarly explained by the fact that the larger
the size of the household the more labor is provided for production activities thus improving TE.
These results support the findings by Tabe-Ojong and Molua (2017) who found a positive relation
ship between TE and household size.
Consistent with the findings of Akamin et al. (2017), our results show that, years of farming
experience had a positive and significant effect on TE for chilli farmers in Bungoma county and for
pooled chili farmers. Farmers with more years of experience have gained knowledge on appropriate
combination of inputs on the farm. Years of formal education was found to have a positive and
significant effect on TE for chilli farmers in Busia and Bungoma counties. The level of education plays
a major role in in the improvement of the quality of decisions made by the farmers as far as input use
is concerned hence a key tool of improvement as stated by Abdallah (2016). The more years of formal
education a farmer has, the more technically efficient the farmer will be. These results support the
findings by Danso-Abbeam and Baiyegunhi (2020) who found that education increases understand
ing of the communication from the extension and hence increases managerial practices and TE.
For chilli farmers in Bungoma county, hired labor had a negative effect on TE. This is against
expectations as stated by Huy and Nguyen (2019) that labour increases agricultural production
and technical efficiency as it facilitates the utilization of other farm inputs. The negative effect of
hired labor could be explained by one or a combination of these factors; low technical skills of the
hired laborers, inadequate supervision of hired labor and low motivation by casual laborers due to
low wages as argued by Kloss and Petrick (2018).
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Results reveal that fertilizer had a positive effect on TE for chilli farmers in Bungoma county.
Fertilizer nourishes the soils and increases nutrients supply to the vegetables increasing produc
tivity as well as TE as illustrated by Mburu et al. (2014). Similarly, access to agricultural extension
services had a positive effect on TE for chilli farmers in Bungoma county and for the pooled sample
as it enhances the capacity of producers and increases the productivity and TE. The findings are
similar to those of (Danso-Abbeam & Baiyegunhi, 2020). Access to agricultural extension services
enables farmers to build their capacity to use new innovations and appropriately respond to
climatic and natural challenges like pests and diseases.
Finally, results show that contract farming had a positive effect on TE of chilli farmers in both
counties due to the increased access to production inputs and technical support from most of the
contractors. The results validate studies by Bidzakin et al. (2018), Bellemare and Novak (2017), and
Azumah et al. (2016) who found a positive relationship between contract farming and TE.

5. Conclusion
This study compared the technical efficiencies and technology gap ratios between contracted and
non-contracted vegetable farmers in western Kenya and analyzed the determinants of TE. Results
indicated that contract farming has a positive effect on TE and TGRs where contract participants
had higher mean TE and TGR scores compared to non-participants for both vegetables. Further, it
was noted that, household size, seeds, fertilizer and hired labor positively affected TE while
distance from home to the nearest local market had a negative effect on TE. The findings thus,
offer insights that address the inconclusiveness of previous research regarding the effect of
contract farming on TE and TGRs. The findings from this study are applicably generalized in that
geographically, smallholder farmers in the study area face similar constraints and policy chal
lenges as farmers from other parts of SSA and possibly other geographic regions. The implication
of the findings thus apply to a wider population with no limits of timeframe except for technolo
gical advancement that goes a long way in bridging timing differences.

5.1. Policy implications
Following the perceived benefits of contract farming, the government and private stakeholder
should put in place concerted efforts that encourage investments in institutional innovations like
contract farming. This could be achieved though leveraging on new technologies such as better
seeds and fertilizers, and make them more accessible to smallholder farmers who will benefit from
enhanced farm efficiency, market linkages and improved incomes. This can be made possible
through distribution of roles and resources in devolved governments to optimize on the existing
agricultural potential for improved farmers’ income, societal welfare and economic expansion as
well. The government and regulatory bodies should consider the incentives and disincentives of
contracting firms when designing programmes and policies of promoting contract farming to
ensure that there is a balance in benefits between the contracting and contracted parties.
Targeted interventions for instance, producer-driven policies should be encouraged to increase
participation in contract farming by creating conducive operation atmosphere for all the stake
holders thus encouraging multi-dimensional approach in the quest to improve TE and TGRs among
smallholder farmers in SSA. Agricultural extension services had a positive effect on TE. The county
government, non-governmental agricultural organizations and contracting firms should therefore
increase the frequency and intensity of extension services given to smallholder producers through
use of innovative information communication technologies to enhance their capabilities and boost
TE at farm level for better output and livelihoods. This study contributes to the body of literature by
providing insights on mechanisms to strengthen contract farming that has been found to have
positive effect on TE and TGRs of smallholder farmers. Future research should explore the effect of
contract farming on various types of efficiencies alongside the evaluation of governance structures
to establish the effect of value chain governance on smallholder farmers’ productivity. Better
knowledge on the effect of contract farming on livelihoods is necessary; therefore, further research
should assess other indicators of livelihoods for instance, food and nutrition security apart from
income.
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5.2. Limitations of the study
This study provides useful insights on relevance of contract farming in improving efficiency.
However, the selection of respondents from lists provided by FFSs could potentially introduce
bias in the sampling. A more diversified sampling approach that incorporates insights from FFS,
extension agents, contracting firms, farmers and other stakeholders should be explored in future
studies in order to overcome sampling limitation. Moreover, a disaggregated analysis of contracts
at firm-level would offer more conclusive insights to inform contract participation in different
institutional contexts and farmer profiles. Ideally, more representative sampling should entail
disaggregation of contracting firms by their terms of service provision and farmers' resource
categories and enterprises. This would adequately address the diverse public interests in contract
farming.
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