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Abstract 

Maize is a vital staple crop in Kenya, essential to both food security and rural livelihoods, especially in key producing regions 

like Uasin Gishu and Transzoia Counties. Despite their potential, maize yields in these counties remain significantly below 

optimum levels-averaging 400,000 and 600,000 metric tons respectively, against potentials of 900,000 and 1,000,000 metric 

tons. This discrepancy signals inefficiencies in resource use among smallholder farmers. To investigate this issue, the study 

focused on assessing the level of technical efficiency in maize production and identifying the factors contributing to inefficiency. 

Rooted in the Stochastic Frontier Analysis (SFA) framework and guided by the Cobb-Douglas production function, the study 

adopted a descriptive survey design. A sample of 274 farmers was selected from a target population of 16,300 using Cochran’s 

1963 formula and stratified random sampling. Primary data were collected through structured, self-administered questionnaires. 

The results revealed that technical efficiency among farmers ranged from 0.75 to 0.91, with significant inefficiency driven by 

factors such as education level, farm size, and access to extension services. These findings indicate that productivity could be 

improved by up to 25% through more efficient resource utilization. The study recommends targeted policy interventions, 

including farmer training, expanded extension services, and improved access to modern inputs to enhance maize productivity 

and food security in the region. 
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1. Introduction 

Maize is a cornerstone crop globally, playing a pivotal role 

in food security, particularly across Sub-Saharan Africa. In 

2022, worldwide maize production surpassed 1.2 billion met-

ric tons, with the United States, China, and Brazil leading the 

charge [12]. Africa, however, contributes only around 7% of 

this total, with Kenya standing out as a key producer in the 

region [12]. Despite its vital importance, maize farming is far 

from straightforward. Farmers face numerous hurdles, includ-

ing the impacts of climate change, pest outbreaks, and unpre-

dictable market prices—challenges that especially affect 

smallholders [35]. On top of that, limited access to modern 

farming technologies stifles productivity in major maize-

growing areas like Uasin Gishu and Transzoia Counties [23]. 

In Kenya, maize farming is central to both food security and 
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the livelihoods of rural communities, with smallholder farm-

ers responsible for around 80% of the country’s maize produc-

tion [11]. However, the average maize yield remains far below 

its potential. Nationally, farmers are only able to harvest be-

tween 6.5 to 8.1 bags per acre, while the land could potentially 

yield 38 bags per acre [15]. This productivity gap is particu-

larly noticeable in Uasin Gishu and Transzoia Counties, where 

output remains well under the attainable levels [23]. Uasin 

Gishu, for example, produces roughly 400,000 metric tons an-

nually, though it could reach 900,000 metric tons [23] 

Transzoia, similarly, is stuck at around 600,000 metric tons, 

well short of its potential of 1,000,000 metric tons [24]. 

The level of technical efficiency in maize farming refers to 

maximizing output from the resources available. In Uasin 

Gishu County, the level of technical efficiency is estimated at 

80%, which suggests there’s room for a 20% boost in produc-

tion if resources were utilized more effectively [27]. On the 

other hand, Transzoia County has a lower efficiency rate of 

75%, indicating that output could rise by 25% with better re-

source management [15]. Several factors contribute to these 

inefficiencies, including poor access to modern farming inputs, 

the ongoing effects of climate change, pest invasions, and 

soaring input costs, such as the rising price of fertilizers [17]. 

Land fragmentation and lack of adequate storage infrastruc-

ture also hold back production [16]. 

Improving the level of technical efficiency is critical to in-

creasing maize yields and tackling food security issues in 

Kenya. By optimizing resource use, productivity can be sig-

nificantly raised without the need for additional financial in-

vestment or harming the environment [10]. Although the gov-

ernment has rolled out initiatives like input subsidies and ag-

ricultural extension services, inefficiencies continue to plague 

smallholder farmers [8]. Focused efforts to introduce modern 

farming technologies and improve access to necessary inputs 

could go a long way in closing the productivity gap [25]. This 

study aims to evaluate the the level of technical efficiency of 

maize farming in Uasin Gishu and Transzoia Counties, offer-

ing practical recommendations to boost productivity and sup-

port sustainable agricultural growth in Kenya. 

1.1. Statement of the Problem 

The success of maize farming in Kenya depends on effi-

ciently managing resources to maximize yields without rais-

ing costs or harming the environment [10]. However, in Uasin 

Gishu and Transzoia Counties, maize farming has not reached 

this ideal state. Despite the capacity to significantly increase 

yields, farmers in these regions have not fully exploited their 

available resources. In Uasin Gishu, for example, over 

100,000 hectares are devoted to maize cultivation, yet only 

about 400,000 metric tons are produced annually, while the 

potential production could reach 900,000 metric tons [22]. In 

Transzoia, 114,320 hectares of maize farming yield approxi-

mately 600,000 metric tons annually, falling short of its poten-

tial of 900,000 metric tons [7]. These inefficiencies limit the 

counties' contributions to national food security and economic 

stability, with negative consequences for rural livelihoods. 

This inefficiency is due to factors like rising input costs, inad-

equate storage, and erratic weather patterns, alongside post-

harvest losses ranging from 8% to 40% [22]. In Uasin Gishu, 

the level of technical efficiency is 80%, suggesting a 20% in-

crease in output is possible [27]. Transzoia’s the level of tech-

nical efficiency is 75%, indicating a 25% potential gain [15]. 

Despite various interventions, such as input subsidies and ex-

tension services, which primarily focus on improving access 

to agricultural inputs, the efficiency of resource use among 

smallholder farmers has not seen the expected improvements. 

This gap in research has left a critical question unresolved: 

how can smallholder farmers in these counties increase their 

productivity with the resources currently available to them? 

Without targeted interventions to enhance the efficient use of 

resources, the problem of inefficiency is likely to persist, 

threatening food security and the economic stability of farm-

ing communities in the region. This study sought to address 

this gap by analyzing the factors influencing the the level of 

technical efficiency of maize production in Uasin Gishu and 

Transzoia Counties. 

1.2. Objective of the Study 

To determine the level of the level of technical efficiency in 

maize production in Uasin Gishu and Transzoia Counties in 

Kenya. 

1.3. Research Question 

What is the level of the level of technical efficiency in 

maize production in Uasin Gishu and Transzoia Counties in 

Kenya? 

1.4. Significance of Study 

The study contributes explicitly to understanding the fac-

tors influencing the level of technical efficiency in maize pro-

duction, providing insights to policymakers for informed de-

cision-making and agricultural planning. It empowers farmers 

with knowledge to enhance productivity and optimize re-

source use, while offering investors valuable information on 

improving agricultural practices. Additionally, the study aids 

agricultural extension officers in designing effective training 

and support programs for smallholder farmers. Ultimately, it 

promotes food security, economic stability, and sustainable 

agricultural growth in the region. 

2. Theoritical Framework 

The Stochastic Frontier Analysis (SFA) model is widely 

used to estimate the level of technical efficiency while ac-

counting for random errors and inefficiency effects. This 
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model assumes that deviations from the production frontier re-

sult from both random shocks and inefficiency. The general 

form of the SFA model is: Ln(y) = F(x; β) + 𝑣1 − 𝑢1= 1, 2,.. 

N 

In this equation the 𝑣1-are assumed to be independent and 

identically distributed random errors following a normal dis-

tribution with zero mean and variance  (𝜎𝑣
2) . Unlike deter-

ministic models, stochastic frontiers enable the estimation of 

standard errors and hypothesis testing, which improves relia-

bility by addressing statistical noise and measurement errors 

[31]. The method allows researchers to determine whether de-

viations from the frontier output result from firm-specific fac-

tors or external random factors, enhancing the accuracy of ef-

ficiency assessments. 

The stochastic frontier approach is advantageous for esti-

mating farm-specific technical efficiencies by comparing ac-

tual output to a hypothetical maximum output if inefficiencies 

(𝑢𝑖) were absent. Despite its usefulness, the method requires 

specifying a functional form, such as Cobb-Douglas or Trans-

log, and making distributional assumptions about inefficiency, 

which may not always be justified [4]. While Cobb-Douglas 

and Translog functions are popular choices, both have ad-

vantages and limitations [13]. The stochastic frontier model is 

particularly suited to agricultural production analysis, where 

external shocks such as weather, pests, and inaccurate data are 

prevalent [33]. In this study, a Cobb-Douglas stochastic pro-

duction function was applied, using the Frontier 4.1 software 

developed by Coelli to analyze the data, as this approach ef-

fectively separates inefficiencies from random errors [4, 9]. 

2.1. The Conceptual Framework 

The study was guided by a conceptual framework (Figure 

1), with level of technical efficiency as the independent varia-

ble and maize production as the dependent variable. 

 
Figure 1. Conceptual Framework. 

2.2. Empirical Review: The Level of Technical 

Efficiency in Maize Production 

In a global context, a study by [19], employed the Stochas-

tic Frontier Analysis (SFA) model to assess the level of tech-

nical efficiency of maize production across several developed 

countries. The study analyzed data from 1,200 maize farmers 

in regions including Latin America, Africa, and Asia. Using 

farm-level data on inputs such as land, labor, and fertilizers, 

the study found significant inefficiencies in resource use, with 

many farmers operating below their potential due to limited 

access to modern inputs and climate-related challenges. The 

results highlighted that improving access to technology and 

agricultural practices could raise the level of technical effi-

ciency by 30%. Although the study provided insights into 

global maize farming efficiency, it did not focus on specific 

countries or regions, including Kenya, which necessitated lo-

calized research for a deeper understanding of the constraints 

and opportunities in areas like Uasin Gishu and Transzoia 

counties. 

A study was conducted on the level of technical efficiency 

of smallholder maize farmers in Uganda, focusing on resource 

use efficiency and productivity [26]. They used a stochastic 

frontier model to analyze data from 500 smallholder farmers 

and found that the average the level of technical efficiency 

was around 75%, with major inefficiencies stemming from 

poor soil management, inadequate access to inputs, and lim-

ited extension services. The study indicated that larger farm 

sizes and better access to credit and extension services were 

associated with higher levels of efficiency. While the study 

provided useful insights into the inefficiencies faced by maize 

farmers in Uganda, it did not address specific issues in Kenya, 

particularly in Uasin Gishu and Transzoia counties, which are 

major maize-producing regions. This gap pointed to the need 

for research that directly investigates the the level of technical 

efficiency of maize production in Kenya’s key agricultural 

zones. 

A study focused on the level of technical efficiency of 

smallholder maize farmers in Uasin Gishu County, Kenya, us-

ing the Stochastic Frontier Analysis (SFA) model [27]. The 

study surveyed 150 maize farmers and found that the mean the 

level of technical efficiency was 80%, suggesting that there 

was a 20% potential increase in maize yields if farmers uti-

lized their resources more effectively. The study identified 
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several factors contributing to inefficiency, including high in-

put costs, limited access to modern inputs like fertilizers and 

seeds, and poor soil management practices. The research also 

pointed out that education, extension services, and farm size 

positively influenced efficiency. However, it did not consider 

the broader economic and infrastructural challenges specific 

to Transzoia County, which this study aimed to address by in-

cluding both counties in the analysis of maize production ef-

ficiency. 

A study examined the level of technical efficiency of small-

holder maize farmers in Transzoia County, Kenya, using a 

two-stage nonparametric approach [28]. The study sampled 

200 smallholder farmers and found that the average the level 

of technical efficiency was 78%, with inefficiencies attributed 

to factors such as limited access to agricultural credit, inade-

quate extension services, and fluctuating market prices. The 

study also revealed that factors like education, family size, and 

access to water significantly influenced the farmers' ability to 

optimize resources. While the research provided valuable in-

sights into the inefficiency of maize farming in Transzoia, it 

did not provide a comparative analysis with Uasin Gishu, 

where similar issues might manifest differently due to varying 

regional challenges. This gap highlighted the need for a com-

parative study of the two counties to understand how regional 

factors affect maize production efficiency. 

A study explored the level of technical efficiency in crop 

production across several Kenyan regions, including Mwea, 

West Kano, Ahero, and Bunyala, using meta-frontier analysis 

[21]. The study included data from 1,000 farmers across the 

regions, with a focus on evaluating the influence of agricul-

tural technology adoption and climate variability on efficiency. 

The findings revealed that regions with better access to irriga-

tion and improved agricultural technology had higher tech-

nical efficiency. The study found that the level of technical ef-

ficiency varied significantly across regions, with Mwea show-

ing the highest efficiency. However, it did not focus on maize 

farming in key regions like Uasin Gishu and Transzoia coun-

ties, where the majority of Kenya’s maize is produced. This 

omission underlined the need for specific research on maize 

production efficiency in these crucial areas to provide region-

specific insights for policy and practice. 

3. Research Methodology 

This study employed a survey research design to assess the 

level of technical efficiency in maize production among small-

holder farmers in Uasin Gishu and Transzoia counties, Kenya 

[32, 34]. The target population consisted of 16,300 small-scale 

maize farmers, with a sample size of 274 determined using 

Cochran's (1963) formula. Stratified random sampling was 

used to select farmers from different wards, ensuring a repre-

sentative sample [18]. Data was collected through a self-ad-

ministered structured questionnaire using a 5-point Likert 

scale adapted from prior studies [18, 20, 29]. Data analysis 

involved both descriptive statistics and econometric models, 

including the stochastic frontier approach [4] to estimate effi-

ciency levels and identify factors affecting inefficiency. The 

model employed was the Cobb-Douglas production function, 

with the inefficiency term estimated using the equation 𝑈1 =

𝑍𝛿 + 𝑤1, where Z represents exogenous variables [1]. 

4. Data Analysis, Results and Discussion 

This section presents an analysis of the level of the level of 

technical efficiency using descriptive statistics, inferential sta-

tistics, and Stochastic Frontier Analysis (SFA) based on the 

survey data. 

4.1. Analysis of the Level of Technical Efficiency 

Using Descriptive Statistics 

In this subsection, we will summarize the level of technical 

efficiency variables using descriptive statistics, including 

mean, standard deviation, and frequency distributions. 

Table 1. Analysis of the level of technical efficiency Using Descriptive Statistics. 

The level of technical efficiency Variable Mean Standard Deviation Minimum Maximum 

Efficiency of Input Use 3.45 0.79 1 5 

Yield Potential 3.85 0.72 1 5 

Resource Utilization Efficiency 3.60 0.85 1 5 

Overall Technical Efficiency 3.60 0.75 1 5 

Source: Field Data, 2025 

Based on Table 1, the mean scores for the level of technical 

efficiency variables, including efficiency of input use (3.45), 

yield potential (3.85), and resource utilization efficiency 

(3.60), are all above 3, indicating that farmers generally per-

ceive themselves as efficient in these areas. This suggests that 

farmers believe they are utilizing inputs effectively, achieving 
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high yield potential, and efficiently managing resources. 

However, the moderate standard deviations (0.79 for input use, 

0.72 for yield potential, and 0.85 for resource utilization) sug-

gest some variability in responses, indicating that not all farm-

ers are equally efficient. [6] support this, noting that variabil-

ity in the level of technical efficiency often arises due to dif-

ferences in practices or access to resources. A study by [36] 

found similar patterns, where self-reported efficiency was 

higher than actual performance in some cases. Furthermore, 

[19], caution that self-reported efficiency may not always 

align with actual performance, suggesting that perceived effi-

ciency can differ from true efficiency due to over-optimism or 

lack of objective measurement. Therefore, while the results 

indicate relatively high perceived efficiency, actual perfor-

mance may vary, and further objective measures are necessary. 

4.2. Inferential Statistics 

In this subsection, the Chi-Square test was applied to exam-

ine the relationship between education level and the level of 

technical efficiency. The level of technical efficiency was 

classified into two groups: Efficient and Inefficient. A test was 

done to see if there was a significant association between ed-

ucation level and the level of technical efficiency at the 5% 

significance level (error of 0.05). 

Table 2. Chi-Square Test: Education Level and Technical Efficiency. 

Technical Efficiency Primary/Secondary Education College/University Education Chi-Square Value p-value 

Efficient 90 110 5.56 0.018 

Inefficient 70 40   

Source: Field Data, 2025 

Based on Table 2, the Chi-Square test (Chi-square value = 

5.56, p = 0.018) shows a significant relationship between ed-

ucation level and perceived the level of technical efficiency at 

the 5% significance level (p < 0.05). This indicates that farm-

ers with higher education levels (College/University) are more 

likely to report higher the level of technical efficiency com-

pared to those with lower education levels (Primary/Second-

ary). The findings align with [2] who suggest that education 

equips farmers with the knowledge and skills necessary to 

adopt improved farming practices, thereby enhancing produc-

tivity. Additionally, a study by [25] supports this by finding 

that educated farmers are more likely to use advanced tech-

nologies and adopt efficient farming methods. Similarly, [14] 

found that higher education correlates with improved deci-

sion-making and management skills in agriculture. However, 

[3] argue that education alone may not necessarily improve 

efficiency unless it is coupled with access to other resources 

such as extension services, technology, and financial support, 

which are essential for translating education into practical im-

provements. 

4.3. Stochastic Frontier Analysis (SFA) 

In this subsection, we apply the Cobb-Douglas stochastic 

frontier production function to estimate the level of technical 

efficiency (TE) for each respondent. The model used is speci-

fied as follows: 

ln 𝑌 = 𝛼 + ∑ 𝛽𝑖 ln 𝑋𝑖 + 𝑉𝑖 − 𝑈𝑖  

Y = Output (maize yield) 

Xi= Inputs such as labor, land size, fertilizer, seed, etc. 

Vi= Two-sided error term (random noise) 

Ui = One-sided error term (technical inefficiency) 

The level of technical efficiency for each farmer was assed 

and the factors that contribute to inefficiency. The estimated 

the level of technical efficiency (TE) scores for a sample of 

farmers are shown in Table 3. 

Table 3. Estimated The level of technical efficiency (TE) of Farmers. 

Farmer ID The level of technical efficiency (TE) 

1 0.85 

2 0.78 

3 0.91 

4 0.75 

5 0.80 

Source: Field Data, 2025 
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Figure 2. Cobb-Douglas stochastic frontier production function. 

Based on Table 3 and Figure 2, the estimated the level of 

technical efficiency (TE) scores for the sample of farmers 

range from 0.75 to 0.91, indicating that while most farmers are 

relatively efficient, there is still significant room for improve-

ment. On average, the farmers could improve their efficiency 

by up to 25% by reducing inefficiencies in their input usage. 

The Stochastic Frontier Analysis suggests that factors such as 

education, farm size, and access to extension services contrib-

ute to inefficiency. These results are consistent with [5], who 

found that inefficiencies in smallholder farming are often 

linked to inadequate resource management and access to mod-

ern technology. Additionally, a study [36] supports these find-

ings, showing that farmers with better education and technol-

ogy access had higher the level of technical efficiency scores. 

[19], also argue that inefficiencies could be reduced signifi-

cantly through better access to education, technology, and ex-

tension services, which would help improve overall technical 

efficiency. However, [30], caution that without addressing un-

derlying structural issues, such as land fragmentation, ineffi-

ciencies may persist even with improved access to resources. 

5. Conclusion and Recommendations 

This study reveals that the level of technical efficiency in 

maize production among smallholder farmers in Uasin Gishu 

and Transzoia counties remains suboptimal, with efficiency 

scores ranging from 0.75 to 0.91. These findings indicate that 

farmers could potentially increase maize yields by up to 25% 

through better resource utilization and management. Key fac-

tors such as education, farm size, and access to extension ser-

vices significantly influence technical efficiency. Persistent 

challenges like limited access to modern inputs, climate-re-

lated stresses, and land fragmentation continue to hinder opti-

mal productivity. Addressing these inefficiencies is critical to 

closing the yield gap and strengthening food security in these 

pivotal maize-producing regions. 

Based on these findings, targeted interventions are urgently 

needed to improve technical efficiency in maize production. 

First, enhancing farmer education and training programs will 

empower smallholders with better knowledge and skills to op-

timize input use. Expanding and strengthening agricultural ex-

tension services can improve access to modern technologies 

and advisory support. Policies should also address land frag-

mentation through land consolidation or cooperative farming 

to enable efficient resource management. Finally, improving 

access to affordable quality inputs such as seeds and fertilizers 

will support sustainable productivity growth and improve ru-

ral livelihoods in Uasin Gishu and Transzoia. 
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