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Abstract 

Background  Agriculture plays a crucial role in Ethiopia’s economy in terms of employment and overall output. How-
ever, the sector’s productivity remains suboptimal due to fragmented production and institutional inefficiencies. As 
a result, the design of an effective food production policy has emerged as a resilience strategy to enhance productiv-
ity. The Ethiopian government implemented a cluster-based crop production strategy in line with this. However, there 
is inadequate evidence regarding whether this policy has improved production efficiency. This study, therefore, inves-
tigated the impact of maize cluster-based production on the technical efficiency of smallholder farmers in southern 
Ethiopia.

Methods  To assess the efficiency and the effects of cluster farming, we employed stochastic frontier and endog-
enous switching regression (ESR) models, respectively. Data were collected from 421 randomly selected smallholder 
farmers during the 2021 production season, and the translog production function frontier model was used to analyze 
efficiency.

Results  Of the sample, 49% were in clusters, and 51% were not. The results from the stochastic translog frontier 
model revealed that maize output is most responsive to land input relative to others. The estimated technical efficien-
cies were 74% for cluster farmers and 60% for non-cluster farmers, indicating that cluster-based production reduces 
technical inefficiency and enhances efficiency. The first stage of the ESR model identified several significant factors 
influencing household participation in cluster farming, including sex, oxen ownership, frequency of extension con-
tacts, market distance, and access to credit. The ESR model also showed that cluster-based farmers would theoretically 
lose 18% (ATT) in technical efficiency if they did not engage in cluster production, while non-cluster farmers would 
theoretically gain 33% in technical efficiency if they participated in cluster farming.

Conclusion  Consequently, policymakers and development organizations should focus on promoting clustering 
in crop production while addressing key factors influencing farmers’participation.

Keywords  Cluster-based production, Endogenous switching regression, Stochastic frontier model, Technical 
efficiency

Background
The agricultural sector in sub-Saharan African coun-
tries is critical for achieving sustainable development 
goals. However, it faces production inefficiencies and is 
highly vulnerable to climate risks [1]. As a result, pov-
erty remains persistent [2–4]. Nevertheless, the use of 
modern inputs, including knowledge inputs and the 
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adoption of improved technologies, suggests that there 
is potential to further enhance productivity [5]. There-
fore, it is essential to design an appropriate agricultural 
policy strategy to address productivity bottlenecks.

Early strategic efforts to increase productivity in Ethi-
opia involved providing agricultural extension services 
and advice to farmers. However, these efforts became 
infeasible due to the inadequate supply of inputs, such 
as seeds and fertilizers. Later, the promotion of crop 
intensification through the integrated use of agricul-
tural inputs was introduced [4, 6] However, this strat-
egy also failed due to its limited coverage and quality 
[7]. Furthermore, the establishment of farmer train-
ing centers (FTCs) and the increase in the number of 
development agents (DAs) in each small administrative 
unit were implemented as means to transfer improved 
agricultural technologies. However, due to the low 
retention of DAs within kebeles and the poor function-
ality of most FTCs, the effective transfer and extension 
of agricultural knowledge has not been successful in 
many regions of the country [8]. Additionally, although 
watershed management and soil conservation practices 
have been implemented, degradation is expected due to 
inappropriate layouts, insufficient regular maintenance, 
and financial constraints for sustainable management 
[9, 10].

Furthermore, rural land certification has been imple-
mented to enhance land productivity by ensuring ten-
ure security [11, 12]. Despite its positive contributions, 
fragmented farming practices have become a significant 
cause of lower productivity [13–15]. This is because 
smallholder farmers typically have less than one hectare 
of land, which is often further fragmented into smaller 
parcels, thereby reducing productivity and exacerbating 
food insecurity [16].

The agricultural commercialization cluster initia-
tive was introduced in 2010, aimed at scaling up the 
dissemination of best practices and specialization in 
high-value crops based on market demand [14, 17]. 
Clustering is designed around the geography of clus-
ters and the commodity production potential, promot-
ing institutional innovations to help farmers overcome 
constraints, thereby improving productivity [18, 19]. 
Specifically, cluster farming supports the transition 
from subsistence farming to market-oriented produc-
tion by providing capacity-building through train-
ing and demonstrations, fostering cooperation among 
farmers to share farm inputs, facilitating markets for 
outputs, and providing access to seeds, fertilizers, and 
crop protection chemicals. As a result, clusters have 
the potential to increase efficiency and productivity by 
applying recommended input rates for specific crops, 
receiving support from agricultural extension agents, 

and utilizing shared inputs, thus addressing constraints 
in access to farm inputs [20].

Maize is one of the staple crops included in this strat-
egy due to its status as the lowest-cost caloric source 
among all major cereals. Additionally, it dominates 
household diets and provides twice as many calories 
per dollar as other cereals in Ethiopia [21]. However, 
its productivity is low compared to its potential, with 
farmers only producing 30% of its potential. Contribut-
ing factors include inadequate access to advanced tech-
nologies, market imperfections, economic constraints, 
and technical inefficiency [22]. Efficiency studies have 
revealed that efficiency gaps range from 14% to 28.3% 
and have identified factors contributing to these gaps, 
such as land fragmentation, market distance, low adop-
tion of sustainable agricultural intensification practices, 
and household socioeconomic characteristics [23–26]. 
These studies indicate that producers lose over one-
fourth of their potential production due to technical 
inefficiencies.

To address this inefficiency, a cluster-based produc-
tion strategy was implemented to overcome the barriers 
of land fragmentation and technology adoption [20, 27] 
reported that cluster-based production increases pro-
ductivity, as measured by yield per area. However, land 
is not the only input affecting agricultural production; 
inputs such as fertilizer, seed types, and other conven-
tional inputs, along with socioeconomic and institutional 
factors, also play vital roles, leaving areas underexplored. 
Therefore, efficiency measurement provides a more com-
prehensive method for evaluating policy strategies [28]. 
Furthermore, we employed an endogenous switching 
regression model to account for both observable and 
unobservable farmer characteristics, thus externaliz-
ing the effects of cluster farming on technical efficiency 
scores.

Moreover, there is empirical debate on the effective-
ness of maize cluster farming in improving technical effi-
ciency and the existence of regional differences across 
Ethiopia. Differing socioeconomic and cultural practices 
across regions in Ethiopia, which affect agricultural pro-
duction and policy implementation, necessitate decen-
tralized policy design. Region-specific studies have the 
potential to enhance policy development. Therefore, this 
study aimed to assess the impact of maize cluster farm-
ing on the technical efficiency of smallholder farmers 
in southern Ethiopia and found sufficient evidence that 
cluster farming reduces production inefficiencies. Given 
the relatively more fragmented nature of crop production 
in southern Ethiopia compared to other regions of the 
country, this study can serve as an instrument for policy 
improvement.
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Methods
Description of the data and sampling techniques
Data were collected from major maize-producing areas 
in southern Ethiopia by the Hawassa, Areka, and Arba-
minch Agricultural Research Centers in 2021. The study 
areas included the Halaba, Wolaita, Gamo, and Gofa 
zones, as shown in Fig.  1. One cluster-based producer 
district and one non-cluster-based district from each 
zone were selected for data collection based on maize 
production potential. A two-stage sampling technique 
was used. First, six districts were chosen based on their 
maize production potential and the presence of cluster-
based production. Accordingly, Atoti Ulo, Damot Gale, 
and Boreda Woredas were selected as cluster districts, 
while Woyra, Boloso Sore, and Zala were selected as non-
cluster districts. Next, three kebeles were selected from 
the Atoti Ulo and Woyra districts, and two kebeles were 
selected from each of the remaining districts based on 
the availability of clusters and non-clusters. A random 
sampling method was employed to select households 
from each kebele, with twenty to thirty-five households 
selected from each kebele using proportionate sampling. 
Of the 421 total samples, 206 were from cluster-based 
producers and 215 from non-cluster producers.

We used a structured questionnaire to collect data 
from households. The questionnaire included details on 
household socioeconomic and demographic informa-
tion, maize production practices, cluster production, 
and outputs. Additionally, it incorporated institutional 
variables influencing production and productivity. The 

questionnaire1 consists of seven major parts. The pre-
liminary section includes general information about 
the respondent’s geographical location. Part one covers 
household socioeconomic and demographic characteris-
tics. Parts two and three focus on land use characteristics 
for maize and other crop types of representative house-
holds. The third part includes details on inputs used for 
maize production, from land preparation to threshing, as 
well as yields. Part four addresses agronomic practices, 
soil characteristics, and institutional variables. Parts five 
and six contain questions regarding cluster farming and 
barriers to participation. The final part covers livestock 
ownership and the respondents’source of annual income.

Data analysis
We employed both descriptive and econometric analy-
ses. Means, frequencies, and percentages were used for 
the descriptive statistics, while the stochastic frontier and 
endogenous switching regression models was applied.

Technical efficiency model specification
The stochastic nature of agricultural production necessi-
tates the use of the parametric analysis approach of the 
frontier model. Based on this, we assume that a farm-
er’s production maximization from a given set of direct 
inputs is influenced by indirect constraints (socioeco-
nomic and institutional factors, including cluster-based 

Fig. 1  Study area map. Source: Author (2021)

1  The questionnaire is provided in the supplementary documents.
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production) that affect farm inefficiency. The direct 
inputs generate maize output, while the indirect factors 
facilitate the production process. Thus, direct inputs (Xi) 
are incorporated into the deterministic production fron-
tier, and indirect factors (Zi) are included in the ineffi-
ciency component. Accordingly, technical efficiency is 
calculated based on farm household production perfor-
mance, with Xi’s used to produce a single maize output 
(Yi) for each household.

Equation (1) assume that all Yi lie on the frontier, as 
it represents the upper boundary for production possi-
bilities. We assume that maize production is below the 
frontier due to technical inefficiency [29]. The stochastic 
frontier model can be represented as:

where Yi’s is the logarithms of output, Xi
s are logarithms 

of the vector of direct inputs, the term lnf (Xi β) is a deter-
ministic frontier, vi captures the random noise, and ui is 
technical inefficiency which is assumed as half-normally 
distributed as indicated in Eq. (2) [28].

To estimate the empirical model, heteroscedastic sto-
chastic frontier analysis (SFA) is employed to examine 
the effect of cluster-based production and other Zi on the 
variance of the efficiency distribution [29]. The assump-
tion of constant (homoscedastic) inefficiency variance is 
impractical, as smallholder farmers operate under vary-
ing socioeconomic and institutional conditions. Moreo-
ver, neglecting heteroscedasticity in the variance of 
inefficiency may significantly bias the model estimates 
[28].

The model has the following form

where δ is a parameter vector associated with socioeco-
nomic and institutional factors including cluster farming 
in the variance of inefficiency.

We used the translog production functional form for 
production function estimation due to its flexibility com-
pared to the restricted Cobb–Douglas production func-
tion. Additionally, our preliminary analysis shows that 
the Cobb–Douglas production function was rejected in 

(1)Ti ≡ {Xi,Yi)|Xican produce Yiconditional on Zi}

(2)lnYi = lnf (Xi;β)+ vi − u(zi)

lnYi = α + lnf (Xi;π , θ)+ εi

εi = vi − ui

(3)vi ∼ N(0, σv
2)

ui ∼ N+(0, σv
2(δ,Zi))

favor of the more flexible translog production function, 
with LR chi2(15) = 31.11 and Prob > chi2 = 0.0085. To 
maintain the homogeneity property of production, we 
scaled the inputs and outputs by their means. Therefore, 
the first-order coefficients of the estimated deterministic 
function are interpreted as elasticities of output evalu-
ated at sample mean values. The equation for the techni-
cal efficiency translog model is as follows:

where n is the number of inputs.
The parameters of Eq. (4) are estimated using the maxi-

mum likelihood (ML) method. The parameters of the 
deterministic production function, as well as the socio-
economic and institutional factors in the inefficiency 
effect function, are estimated simultaneously using the 
standard one-step modeling approach. This approach 
fits the production and inefficiency functions simultane-
ously, rather than separately in two stages [30]. The scale 
parameters for the ML estimation are expressed using 
variance parameters. The estimated parameters are then 
used to calculate farmers’ specific technical efficiency 
scores (TE) using Battese and Coelli’s (1988) estimator as 
explained below.

where µ∗i =
σ 2
u εi

σ 2
v +σ 2

u
 , σ 2

∗ =
σ 2
v σ

2
u

σ 2
v +σ 2

u
 and σ 2

v  and σ 2
u are vari-

ance parameters of error and inefficiency terms [28].

Endogenous switching regression model specification
To accurately assess the impact of cluster-based maize 
production on the efficiency of smallholder farmers, both 
observable and unobservable characteristics of cluster 
producers (treatment group) and non-cluster producers 
(control group) must be accounted for. However, many 
impact analysis approaches using non-experimental data 
fail to capture the observable and unobservable factors 
affecting treatment and outcome variables. For exam-
ple, instrumental variables can only address unobserved 
heterogeneity but rely on the assumption that the paral-
lel shift of outcome variables represents the treatment 
effect [2]. Similarly, using regression models to analyze 
the impact of an intervention with pooled samples of 
participants and non-participants may be inappropriate, 
as it assumes similar effects on both groups [31]. In con-
trast, the endogenous switching regression model (ESR) 
is a methodological approach that addresses these issues 
[2, 32].

(4)

ln Yi = lnAπ iθ ij +

n

i=1

πi lnXi + (
1

2
)

n−1

i=1

n−1

j=1

θij lnXi . lnXj + vi−ui

(5)

E[exp(−ui|εi)] = exp(−µ∗i +
1

2
σ 2
∗ )

�(
µ∗i
σ∗

− σ∗)

�(
µ∗i
σ∗
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For this study, the parametric approach of endogenous 
switching regression (ESR) was employed to reduce 
selection bias, compared to the non-parametric approach 
(propensity score matching method). The impact of 
cluster-based maize production on technical efficiency 
under ESR is analyzed in two stages. In the first stage, 
participation in cluster-based farming is estimated using 
the binary probit model as the selection equation. In the 
second stage, both linear regression and the binary pro-
bit model are used to assess the association between the 
outcome variable and cluster farming. Specifically, the 
model adopts the expected utility maximization theory 
to explain farmers’ participation in cluster farming (CF). 
Individual i participates in CF if the expected utility from 
production within CF exceeds the expected utility from 
non-participation.

where C∗
i  is the latent variable capturing the unobserved 

preferences associated with the participation of CF deter-
mined by observed farm and socioeconomics characteris-
tics of Xi and the error term (vi). Ci is an observed binary 
indicator variable that equals one if farmers participated 
on CF and zero otherwise, while θ is a vector of param-
eters to be estimated.

If the selection equation (first stage) is endogenous in 
the outcome equation (second stage), the results will be 
biased and inefficient [32]. Therefore, using an instru-
mental variable to identify the second-stage equation 
from the first stage is crucial. The instrumental variable 
should influence participation in cluster farming (CF) but 
not affect the outcome (technical efficiency). Empirically 
selecting appropriate instrumental variables can be chal-
lenging; however, in this study, the frequency of exten-
sion contact (measured by the number of days) during 
maize production is used as the selection instrument. 
This is because agricultural extension services encourage 
farmers to participate in government initiatives such as 
CF [33]. Thus, this variable is likely to be correlated with 
participation in CF directly but not with technical effi-
ciency. The outcome variable for both clusters (Regime 1) 
and non-clusters (Regime 2) can be expressed as the ESR 
model.

where Yi represents the outcome variable (technical 
efficiency score) of smallholder farmers i for each regime 
(1 = CF participant and 0 = non-CF participant), Zi is a 

(6)C∗
i = θXi + vi Where C∗

i =

{
1
0
if C∗

i >0

(7)
Regimes 1 : Y1i = θ1Z1i + ε1i if i = 1
Regimes 2 : Y2i = θ2Z2i + ε2i if i = 0

vector of farmer farm and socioeconomic characteristics 
of households that affect technical efficiency of maize pro-
duction, and θi is a vector of parameters to be estimated. 
The error terms inEquations 1 and 2  are distributed to be 
trivariate normal, with mean zero and the variance of the 
selection equation assumed to be equal to one since the 
coefficients are estimable only up to a scale factor.

Accordingly, by comparing the real and counterfac-
tual scenarios of the expected outcomes for CF partici-
pants, the average treatment effect on the treated (ATT) 
is obtained. Similarly, the average treatment effect on 
the untreated (ATU) can be calculated by comparing the 
expected values for non-participants in real and coun-
terfactual scenarios. Thus, the expected value of the out-
comes for both participants and non-participants in both 
the real and counterfactual scenarios is given as:

Participants with participation in CF (real)

Non-participants without participation in CF (real)

If the participant had not participated in 
CF(counterfactual)

If non-participants had participated in CF 
(counterfactual)

Hence ATT of the participant is the difference Eq.  7 
and 9

Likewise, the ATU of non-participants is computed as 
the difference Eqs. 8 and 10

Definitions of the variables and their measurements
For data analysis, we used two main types of variables. 
First, direct inputs—land, seeds, oxen, labor, and fertiliz-
ers—along with their respective measurement units, are 
explained in Table 1. The fertilizers used for maize pro-
duction were NPS and UREA; thus, we combined them 
and referred to them as"fertilizer."Second, socioeco-
nomic and institutional variables (including cluster-based 

(8)E[Y1i|X = 1,] = θ1X1i + σ1v�1i

(9)E[Y2i|X = 0,] = θ2X2i + σ2v�2i

(10)
ATT = E[Y2i|X = 1,]− E[Y2i|X = 1,]

= (θ1 − θ2)X1i + (σ1v − σ2v)�1i

(11)E[Y1i|X = 0,] = θ1X2i + σ1v�2i

(12)
ATT = E[Y1i|X = 1,]− E[Y2i|X = 1,]

= (θ1 − θ2)X1i + (σ1v − σ2v)�1i

(13)
ATU = E[Y1i|X = 0,]− E[Y2i|X = 0,]

= (θ1 − θ2)X2i + (σ1v − σ2v)�2i
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production) that affect farmers’technical (in)efficiency 
were considered, with their respective measurement 
units. Cluster farming is treated as a binary variable 
indicating whether farmers participate in clusters. Par-
ticipation in cluster-based production is hypothesized to 
positively influence technical efficiency, thereby reducing 
inefficiency. Additionally, differences among farmers in 
terms of age, education, oxen ownership, access to credit, 
income, and frequency of extension contact are also 
expected to influence households’participation in maize 
cluster production and efficiency performance.

Results
We used a structured questionnaire, validated through 
internal review by our office experts and external review 
by agricultural extension experts to ensure its content 
aligned with the theoretical foundation of the study. 
Both groups confirmed that the questions were appro-
priately structured. Additionally, we conducted a pilot 
survey with a small group of respondents, who provided 
positive feedback indicating that they clearly understood 
the questions. Furthermore, we observed consistency in 
responses across households, supporting the reliability 
and validity of our questionnaire.

Summary statistics of the variables of sample 
households
This section summarizes the variables used for frontier 
model estimation: direct inputs (Xi) and socioeconomic 
and institutional variables (Zi). As described in Table  2, 
the average land size used for maize production is 0.91 

hectares, with an average of 55.24 labor days used. The 
average inorganic fertilizer applied was 126.82 kg, and the 
average oxen power used for plowing was 17.54 days. The 
average amount of seeds applied was 17.78 kg. Among the 
total sample, 95 percent were male-headed households, 49 
percent produced maize through cluster farming, and 28 
percent used manure for maize production. The average 
household age is approximately 40 years, the average edu-
cational level is 4.32 grades completed, oxen ownership is 
1.22, the annual income (measured in thousands of Birr) is 
39.33, and the frequency of extension contact is 4.21 days.

Table 1  Variable definitions and their respective measurements

Source: Author (2021)

Variables Variable definitions and measurement units

Output (Yi) Quantity of maize output produced in kilograms (kg)

Direct inputs (Xi)
  Land Land area in hectares (ha)

  Seed Quantity of seed used in kilograms (kg)

  Oxen Oxen draught power used (oxen-days)

  Labor Quantity of labor used for production (person-days)

  Fertilizer Quantity of chemical fertilizers (NPS and Urea) in kilograms (kg)

Socioeconomic and institutional factors (Zi)
  Sex 1 = if a respondent household head is male, 0 otherwise

  Cluster 1 = if household produced in the cluster, 0 otherwise

  Age Age of the household head in years

  Education Education of the household head in years of schooling

  Ox Number of oxen owned by farm household

  Credit 1 = if a household had access to credit, 0 otherwise

  Income The total annual income of a household measured in thousands of Birr

  Extension contacts The frequency of extension contacts during maize production

Table 2  Descriptive statistics of the variables

Variables Mean St. Dev

Output 1686.7 1897.7

Direct inputs (Xi)
  Land Land amount 0.91 0.696

  Seed Seed amount 17.78 14.167

  Oxen Oxen number 17.54 27.86

  Labor Labor amount 55.24 69.52

  Fertilizer Fertilizer amount 126.82 144.52

Socioeconomic and institutional factors (Zi)
  Sex 0.95 0.22

  Cluster 0.49 0.50

  Age 39.97 11.13

  Education 4.32 3.37

  Ox 1.22 1.03

  Income 39.33 50.81

  Extension contacts 4.21 6.33
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Results of stochastic frontier model estimation
The results of the translog efficiency model estimation in 
Table 3 show the first-order terms, second-order terms, 
and inefficiency factors. To estimate these, we applied a 
standard one-step modeling approach and incorporated 
socioeconomic and institutional variables (including 
cluster-based production) into the variance of the fron-
tier models.

The estimated input elasticities are presented in 
Table  4. Translog production function elasticities are 
observation-specific and depend on the inputs used. 
Additionally, Table  4 provides the estimated efficiency 
scores from the model parameters for both cluster and 
non-cluster farmer categories. We also computed the 
returns to scale based on the estimated elasticities. Fur-
thermore, we used the kernel density distribution to illus-
trate the differences in technical efficiency distributions 
between farmers in cluster and non-cluster production 
zones. As shown in Fig.  2, the efficiency of clusters is 
skewed to the right, indicating that their efficiency scores 
are higher than those of non-clusters.

Factors affecting smallholder farmers’ participation 
in cluster farming
The first-stage probit results of the ESR model are pre-
sented in Table  5. The model fits the data reasonably 
well (LR-chi2 = 113.91, P = 0.000). The results indicate 
that smallholder farmers’ socioeconomic and institu-
tional factors significantly affected their participation in 
cluster farming. Factors such as sex, ownership of oxen, 
frequency of extension contacts, market distance, credit 
access, and household income positively and significantly 
influenced their participation.

Effect of cluster farming on technical efficiencies
The effect of cluster farming participation on the techni-
cal efficiencies of smallholders was the primary focus of 
this study. Table 6 presents the results of the ESR model-
based ATT and ATU for the key outcome variable (tech-
nical efficiency scores) related to participation in cluster 
farming. As mentioned earlier, the technical efficiency 
scores of smallholders were analyzed using the estimated 
parameters of the stochastic frontier model with a trans-
log production function and used as outcome variables. 

Table 3  Technical efficiency frontier model results

SE standard error
* , **, and *** are significant at the 10%, 5%, and 1% probability levels, 
respectively

Direct inputs (Xi) Coefficient St. Error

Constant 0.342*** 0.07

Land 0.469*** 0.097

Seed 0.0272 0.09

Fertilizer 0.220*** 0.06

Oxen − 0.00844 0.05

Labor 0.248*** 0.05

0.5 land2 0.332 0.28

0.5 seed2 0.228 0.31

0.5fertilizer2 0.0907** 0.05

0.5oxen2 − 0.0827 0.09

0.5 labor2 − 0.0634 0.05

Land x seed − 0.365 0.26

Land x fertilizer − 0.00929 0.15

Land x oxen − 0.114 0.16

Land x labor 0.170 0.14

Seed x fertilizer − 0.0543 0.12

Seed x oxen 0.235 0.14

Seed x labor − 0.0400 0.14

Fertilizer x oxen − 0.0982 0.06

Fertilizer x labor 0.0855 0.05

Oxen x labor − 0.0772 0.05

Inefficiency effects component of the frontier model
Constant 0.175 1.29

Socioeconomic and institutional factors (zi)
Cluster − 0.484** 0.24

Sex − 0.660 0.42

Age 0.0236 0.06

Age2 − 0.000106 0.0006

Education 0.0507 0.03

Extension contacts − 0.0424 0.03

Oxen ownership − 0.427** 0.15

Income − 0.028*** 0.006

Vsigma − 1.788*** 0.15

Estimated parameters
σu 0.61

σv 0.41***

337.0535 (0.03) Log likelihood = -

Table 4  Estimated elasticities of a translog production function

Direct inputs Output elasticities

Mean St. Dev

Land 0.36 0.34

Seed − 0.06 0.24

Fertilizer 0.16 0.18

Oxen 0.08 0.22

Labor 0.27 0.15

Total technical efficiency 0.67 0.19

Clusters technical efficiency 0.74 0.17

Nonclusters technical efficiency 0.60 0.19

Returns to scale 0.81
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The ESR model output indicates that maize production in 
clusters enhances technical efficiency.

Discussion
The input amounts determine the respective output lev-
els, as shown in Table  2. The larger standard deviations 
of most direct inputs and outputs from their means are 
attributed to the significant variations in farm sizes. 
Additionally, the results indicate that there are varia-
tions in the socioeconomic and institutional conditions 
of maize-producing farm households, which may lead to 
differences in production efficiency.

Based on the results in Table 3, the estimated translog 
model shows that, among the direct inputs, land, fer-
tilizer, and labor have statistically significant and posi-
tive effects on maize output, with land being the most 
responsive input. The second-order estimates reveal that 
the coefficients for oxen and labor are negative, which is 
intuitive and indicates that farmers experience diminish-
ing returns from the use of oxen and labor. The second-
order effect of fertilizer significantly increases returns 
to output. This is primarily due to the low application of 
inorganic fertilizers, which results in stagnant crop yields 
[34] due to liquidity and institutional constraints that 
affect farmers’ability to apply inorganic fertilizers.

Fig. 2  Technical efficiency score distribution. Source: Author (2021)

Table 5  First stage ESR model probit model estimation

Source: Author (2022) *p < 0.05, **p < 0.01, ***p < 0.001 statistically significance 
levels

Observations = 421

LR chi2(11) = 113.91

Prob > chi2 = 0.0000

Pseudo R2 = 0.1952

Log-likelihood = − 234.76378

Variables Coefficient Standard error Marginal effects

Constant − 1.904* 0.85

Age − 0.00937 0.04 − 0.004

Age2 0.0000386 0.0004 0.00002

Education 0.0303 0.022 0.01

Sex 0.753* 0.34 0.28

Family size 0.00231 0.03 0.0009

Land holdings 0.0987 0.07 0.04

Ownership 
of the oxen

0.325*** 0.08 0.13

Extension contact 0.0758*** 0.02 0.03

Nearest market 
distance

0.0913*** 0.02 0.04

Credit 0.428* 0.21 0.17

Income 0.00274 0.002 0.001

Table 6  Endogenous switching regression model results (Average Treatment Effects)

*** Significant at the 1percent probability level. Statistics within parenthesis imply standard deviations

Outcome variables Obs Type of treatment Cluster Non-cluster Treatment effect

Technical Efficiency 206 ATT​ 0.74 (0.11) 0.56 (0.16) 0.18***

215 ATU​ 0.93 (0.09) 0.60 (0.13) 0.33***
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In addition, Table  3 shows that socioeconomic and 
institutional variables influence technical (in)efficiency. 
The results indicate that maize cluster-based production 
reduces technical inefficiency and increases technical 
efficiency, which is expected. This suggests that farmers 
involved in cluster farming receive specialized support 
from both governmental and non-governmental organi-
zations that promote agriculture through cluster farming. 
Oxen ownership also negatively affects the variability of 
technical inefficiency, meaning that having more oxen 
allows farmers to begin plowing at the optimal time in 
the cropping season. Delayed sowing due to a shortage of 
oxen results in lower crop performance, thereby reduc-
ing yields [35]. Oxen ownership differs from the efficient 
use of oxen power. Household income is another factor 
that negatively and statistically significantly reduces tech-
nical inefficiency, as higher income alleviates liquidity 
constraints.

To determine the elastic nature of the inputs, the esti-
mated elasticities are presented in Table 4, which reveals 
that all elasticities are positive except for the seed in the 
output elasticities. The estimated output elasticities for 
land, seed, fertilizer, oxen, and labor were 36%, 6%, 16%, 
8%, and 27%, respectively. This shows that maize output 
is more elastic to land. The estimated returns to scale of 
the technical efficiency function show that the rate of 
return is 0.81 for output elasticity, indicating that maize 
production exhibits decreasing returns to scale. We also 
expected an efficiency difference between clusters and 
non-clusters. The results showed that households pro-
ducing maize in clusters had higher technical efficiency 
than those producing maize in non-cluster areas. Specifi-
cally, the technical efficiency scores for clusters and non-
clusters were 74% and 60%, respectively.

Table  5 shows that, compared to female household 
heads, male household heads are more likely to partici-
pate in cluster farming. This is due to gaps in access to 
agricultural extension advice between male and female 
heads. This finding is consistent with prior studies; [36, 
37] argued that being a male household head positively 
influences participation in cooperative initiatives like 
agro-clusters. Ownership of oxen also increases the like-
lihood of participation, as having oxen motivates farmers 
to begin plowing their fields with fewer days of variation 
compared to other cluster members. This aligns with the 
cluster strategy’s principle, which allows a maximum of 
five days’variation for both land preparation and sowing. 
The frequency of extension contacts also significantly 
affects participation in clusters, implying that govern-
ment agricultural extension services are the primary 
pathway for farmers, and the more frequent the contact, 
the higher the probability of receiving information about 
cluster farming. This finding is consistent with [36, 38].

In addition, the distance to the market also significantly 
affects the probability of participation in cluster farming. 
This implies that an increase in market distance raises 
the likelihood of participating in cooperative initiatives 
like agricultural clusters. Farmers who are closer to the 
market tend to be less dependent on group activities, 
whereas farmers farther from the market expect higher 
returns and reduced transaction costs from coopera-
tion. This finding aligns with studies by [39, 40] Ahmed 
et al. (2017), who found that cluster or group-based crop 
production facilitates the provision of inputs to mem-
bers and reduces transaction costs. Access to credit also 
significantly increases the likelihood of smallholders 
participating in cluster-based production. This suggests 
that having access to credit reduces liquidity constraints 
and encourages the timely purchase of improved inputs, 
which is consistent with the findings of [41].

Finally, Table  6 shows that farmers who produced 
maize in the cluster but theoretically would not have 
done so outside the cluster experienced an 18% decrease 
in their technical efficiency level. This suggests that, on 
average, the ATT of technical efficiency would decline 
by 18% if they did not produce in the cluster. Similarly, 
if non-cluster producers had participated in cluster farm-
ing, their average technical efficiency level would increase 
by 33%. Moreover, maize production within clusters 
enhanced the technical efficiency of households. This 
finding is consistent with prior studies that examined 
whether group-based initiatives such as agro-clusters and 
cooperative-based crop production have a positive and 
significant effect on farmers’ technical efficiency [42–45].

Conclusion
This study finds that maize cluster-based production is 
negatively associated with technical inefficiency, imply-
ing that it enhances efficiency. Additionally, the levels of 
technical efficiency are higher in clusters compared to 
non-clusters. We find that sex, oxen ownership, exten-
sion contact, market distance, and credit access were 
key factors influencing cluster participation. Addition-
ally, our results suggest that non-participants would gain 
efficiency if they participated, while participants would 
experience efficiency loss if they did not participate.

The overall findings indicate a persistent efficiency 
gap in maize production, which significantly hinders 
the livelihood of agrarian communities. Given that 
maize is a staple crop in the area, targeted support is 
essential to enhance productivity and efficiency. This 
can be achieved by strengthening the improved seed 
production system, modernizing the agricultural 
extension system through advanced communication 
technologies, and promoting climate-smart agricul-
tural practices. Furthermore, expanding cluster-based 
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production has the potential to reduce production 
inefficiency. Therefore, we conclude that cluster-based 
production significantly contributes to the social 
and economic development of smallholder farmers 
by improving average technical efficiency scores and 
addressing extension support barriers, such as the pro-
vision of information on comprehensive agricultural 
technology packages. Thus, we suggest that policymak-
ers and development organizations should focus on 
supporting farmers’clustering in crop production while 
considering significant socioeconomic and institu-
tional factors. Moreover, collective action among farm-
ers, governments, the private sector, and donors in the 
region is essential.
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