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Abstract

Despite the availability of improved maize varieties in Ethiopia, adoption among smallholder farmers remains uneven,
contributing to persistent yield gaps. This study investigates the determinants of improved maize variety adoption and its impact
on smallholder farm productivity in Gesha Woreda, Southwest Ethiopia. Using cross-sectional household survey data, a binary
logit model is employed to identify factors influencing farmers’ adoption decisions. To address potential selection bias arising
from observable differences between adopters and non-adopters, Propensity Score Matching (PSM) were applied to estimate the
causal effect of adoption on maize productivity. Multiple matching algorithms, including nearest neighbor, radius, and kernel
matching, are used to assess the robustness of the estimated treatment effects. Descriptive results indicate significant differences
between adopters and non-adopters in age, education, farm size, farming experience, and credit access. Logit model results show
that the sex of the household head, education level, farm size, farming experience, access to credit, and distance to markets
significantly affect adoption decisions. PSM results revealed that adopters produce significantly higher maize yields than non-
adopters, confirming the positive effect of IMV adoption. The results underscore the need for policies that expand farmer access
to extension services and rural credit, strengthen dissemination of improved seed technologies, and enhance farmers’ human
capital through education and training programs to accelerate adoption and improve smallholder productivity.

Keywords

Improved Maize Varieties, Adoption, Smallholder Farmers, Productivity, Propensity Score Matching, South West Ethiopia,
Gesha Woreda

1. Introduction

Agriculture is known for its source of livelihood for much a major determinant of living standards [53, 59]. In develop-
of the world’s population for many years (since 10,000 years ing countries, agriculture provides above 35 percent of house-
ago), especially in least developed countries [42, 63]. It in- hold income and employment, and its low productivity di-
cludes crop production, livestock, fisheries, forestry, and re- rectly contributing to poverty, low education, and limited em-
lated activities, forming the backbone of rural livelihoods and powerment [30, 55].
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According to [1, 10], sub-Saharan Africa economy includ-
ing Ethiopia is highly dependent on agriculture, and it remains
a key driver of economic growth, contributing about 25% of
GDP and over 70% of export earnings. However, the sector is
facing different challenges. [12, 61] identified limited access
to finance, low technology adoption, inefficient markets, and
vulnerability to rainfall variability as a serious challenges af-
fecting the productivity of agriculture in Ethiopia.

Among types of crops produced in Ethiopia, Maize is the
common crop growing in majority parts of Ethiopia. This crop
plays a central role in ensuring food security and income gen-
eration of rural smallholder households, though its productiv-
ity is too low in Southwestern part of the country [24, 60].
According to the data from central statistical agency, the aver-
age productivity of Maize in Southwest Ethiopia averages
only 4.6 tons/ha, which is below global standards [19].

The yield productivity of Maize crop is determined by a
number of factors. Among the factors, the most cited one is
adopting modern agricultural technology for its production.
According to [1, 5], adoption of improved maize variety (ag-
ricultural technology) significantly determined the productiv-
ity of Maize. However, the smallholder farming household’s
decision toward adopting this technology is affected by num-
ber factors [16, 31]. The factors are socio-economic, institu-
tional, and agro-ecological [47]. But, these factors remained
under-researched in many regions of Ethiopia, including the
study area. To address this gap, this study examines the deter-
minants of improved maize variety adoption and its impact on
maize productivity among smallholder farmers in Gesha
Woreda, Southwest Ethiopia. In line with this, the general ob-
jective of this study is to examined determinants of improved
maize variety adoption and its impact on maize productivity
in Gesha Woreda; and specifically to identify the factors influ-
encing smallholder farmers’ decisions to adopt improved
maize varieties in the study area, and to assess the impact of
improved maize variety adoption on maize productivity in Ge-
sha Woreda.

This study provides evidence-based insights into the factors
that determine the adoption of improved maize varieties, help-
ing smallholder farmers enhance maize productivity and
household food security. The findings can inform targeted in-
terventions to close the yield gap and improve agricultural
outcomes. By identifying barriers to adoption and assessing
impacts on household welfare including income, food con-
sumption, and resilience the study offers guidance for policy-
makers and development practitioners. Additionally, the re-
search contributes to the existing literature on agricultural
technology adoption in Ethiopia and lays the groundwork for
future studies in similar contexts. The study is limited to se-
lected kebeles in Gesha Woreda and focuses on smallholder
maize farmers. It examines the determinants of improved
maize variety adoption and its impact on maize productivity
during a specific farming season (2024/25). Both quantitative
and qualitative analyses were employed to provide insights
that can guide policy and agricultural development strategies
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in the region.

2. Literature Review

Agriculture, derived from the Latin words ager (soil) and
cultura (cultivation), covers crop production, livestock, fish-
eries, forestry, and related activities [42, 33]. It is a biological
process dependent on soil, water, air, seeds, land, and human
labor. According to [45, 63], agriculture as an economic activ-
ity has been practiced for over 10,000 years in core areas,
providing livelihoods for more than 60% of the global popu-
lation. Beyond production, agriculture interacts with environ-
mental issues such as climate change and land degradation
[11]. Most of the time, the level of agricultural productivity
remained unpredictable as it is determined by natural variabil-
ity in soil, climate, and plant growth [28, 53].

The topography of Ethiopia (highlands and lowlands) be-
comes favorable for the production of different agricultural
outputs including livestock for many years [38]. Agricultural
economic activity becomes highest contributor to the econ-
omy with crops accounting for 60% and livestock 27% of sec-
toral outputs. However, the smallholder farmer’s agricultural
productivity is highly dependent on rain-fed systems and low-
input technologies, which constrains productivity [28, 51].
Accordingly, the low yield result from low input use, ineffi-
cient land management, limited irrigation, and recurrent
droughts, among other challenges [28].

The practice of producing Maize as a staple crop was started
during 17" C, and by now it becomes the second most widely
cultivated crop in Ethiopia and a key source of calories and
protein [3, 17]. It is grown across diverse agro-ecologies under
rain-fed conditions, primarily by smallholders, and plays a
critical role in ensuring food security [6, 37]. Despite the rapid
expansion of maize cultivation and a developing seed industry,
productivity remains limited due to inefficient production
practices and low adoption of modern technologies like im-
proved seeds [28, 29].

Agricultural technology refers to methods, tools, and inno-
vations that improve crop and livestock production efficiency
and profitability [32, 43]. Hence, it contributes significantly
for enhancement of agricultural productivity. According to
[51], Africa lags behind in adopting modern agricultural tech-
nologies. The practice of adopting improved modern technol-
ogies like improved seeds, fertilizers, irrigation, and mechani-
zation remains poor in Africa due to weak extension services,
poor access to inputs, and low technology transfer [8, 39].

The adoption of modern agricultural technology is influ-
enced by factors including socio-economic, institutional, de-
mographic, and agro-ecological factors [21, 50]. The effects
of these factors on adoption decision are explained with the
help of different models; such as Transtheoretical Model
(TTM) in which change of farming households behavior is
changed through stages; precontemplation, contemplation,
preparation, action, and maintenance [41]; Theory of Rea-
soned Action (TRA) in which farming households hehavior is
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influenced by attitudes and subjective norms [26]; Theory of
Interpersonal Behavior (TIB) which explains the change in be-
havior based on intention, habit, facilitating conditions, and
social/affective factors; and Innovation—Decision Process
(IDP) which explains the decision of adoption progresses
through knowledge, persuasion, decision, implementation,
and confirmation stages [43].

Evidences indicated that modern technologies improve
productivity and increase income by improving efficiency and
reducing labor intensity [32, 46]. Agricultural technologies
such as improved seeds, fertilizers, irrigation, and mechaniza-
tion significantly raise yields. However, low-technology

adoption practices contribute to persistent yield gaps in Africa
[27,51].

Based on the above theoretical evidences, this study inte-
grates production theory and agricultural technology adoption
theory. It conceptualized Maize output is a function of input
use and technology under environmental constraints. Adop-
tion of improved maize varieties depends on farmer character-
istics, socioeconomic status, institutional factors, and environ-
mental factors, which together influence productivity [43].
The framework posits that improved maize variety adoption
mediates the relationship between these determinants and
maize yield (qt/ha).

Input uses

Technology
Adoption

Maize
Productivity

Figure 1. Conceptual framework based on theoretical review.

Empirical evidences across Africa indicated that the tech-
nology adoption decision of smallholder farmer is influenced
by socioeconomic, institutional, and farm-specific factors [40,
45]. For instance, study result from Uganda and Tunisia re-
vealed that perceptions of climate, household size, and off-
farm income shapes adoption behavior of smallholder farmers
[20, 35]. Specifically in Ethiopia factors such as age, educa-
tion, gender, farm size, income, credit access, livestock own-
ership, and extension services significantly affect adoption de-
cisions [14, 23, 49].

Further, the existing evidences revealed that modern tech-
nology enhances crop productivity. According to [16, 54, 57],
the adoption of improved maize variety adoption improves
households income from Maize by about 35-50% in Ethiopia.
Multiple technology adoption further increases productivity
relative to single innovations [62]. However, based on theo-
retical and empirical evidence, it is conceptualized that maize
farmers’ adoption of improved varieties is influenced by so-
cio-demographic, institutional, economic, and technological
factors. Adoption, in turn, positively affects maize productiv-
ity, creating a chain linking farmer characteristics, technology
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use, and output. Recent study by [14] concerning the determi-
nants of modern agricultural technology adoption in Gimbo
woreda of Kaffa zone revealed that farm size, age of house-
hold head, educational level, agricultural inputs access, access
to agricultural extension, and credit service are the main de-
termining factors of household adoption of modern agricul-
tural technology.

3. Methodology

The study was conducted in Gesha Woreda, Kaffa Zone,
Southwest Ethiopia, located 449 km from Addis Ababa. Agri-
culture is the primary economic activity, in which majority en-
gaged. Farming in the woreda is predominantly mixed, com-
bining crop production with livestock rearing. The woreda
comprises 24 rural kebeles, with most farmers practicing
small-scale subsistence agriculture. Despite the importance of
maize as a staple crop, the adoption of modern agricultural
technologies, particularly improved maize varieties remains
low in the woreda.

A cross-sectional research design was employed to examine
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the determinants and impacts of agricultural technology adop-
tion on maize productivity in this study. Further, this study
employed both quantitative and qualitative approaches to cap-
ture comprehensive information from smallholder farmers and
agricultural development agents. The analysis of this study re-
lied primarily on primary cross-sectional data collected during
the 2024/25 cropping season from maize-producing small-
holder households. Also, secondary data from official reports
and relevant literatures were also utilized to support and con-
textualize the findings.

Data were collected using structured household question-
naires designed to capture both qualitative and quantitative in-
formation. The structured questionnaire included demo-
graphic and socio-economic characteristics, agricultural prac-
tices and technology adoption, as well as institutional, eco-
nomic, and environmental factors that influence maize
productivity. Further, more qualitative insights were obtained
from agricultural development agents to validate household-

level information and supplement the analysis. The study pop-
ulation of this study covered all maize-producing households
in Gesha Woreda, with particular focus on the eight kebeles
(smallest administrative unit in Ethiopia) identified as poten-
tial maize producers. A three-stage sampling technique was
employed. In the first stage, the study woreda is purposely se-
lected based on its comparative potential relative to other
woredas in Kaffa zone. In the second stage, the eight kebeles
were purposively selected based on their maize production po-
tential. In the third stage, the required sample size was deter-
mined, and distributed proportionally within each kebele.
The sample size was calculated using Yamane’s (1967) for-

mula: n = ; where N=10,749 maize-producing house-

N
1+N(e?)
holds and e=0.05 (level of precision). This yielded a sample
of 386 households. Table 1 presents the distribution of sam-
pled households across the eight kebeles, differentiating
adopters and non-adopters of improved maize varieties.

Table 1. Sample size distribution for respective Kebeles (the lowest administrative unit in Ethiopia).

Adopter
Kebele Number of Farmers
Total
1 Yerkichit 1258 898
2 Dirbedo 1421 906
3 Amero Ata 1123 754
4 Nechiti 1022 821
5 Mashami 1458 852
6 Batiganiti 1332 802
7 Abeta 1542 789
8 Yeshitoyeri 1,593 757
Total 10,749 6,579

In this study, both descriptive and econometric techniques
of analysis were employed to analyze the data collected from
the sampled households. Descriptive statistics such as fre-
quencies, percentages, and tabulations were used to summa-
rize demographic, socio-economic, and institutional charac-
teristics of the respondents. Econometric analysis was con-
ducted in two stages. First, a Binary Logit Model was applied
to identify the determinants of improved maize variety (IMV)
adoption decision among smallholder farmers. And secondly,
Propensity Score Matching (PSM) was used to estimate the
causal impact of IMV adoption on maize productivity while
controlling for potential selection bias.

This study based on Cobb Douglas production function for
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Non- Adopter

Total Sample

Sample Total Sample

32 360 13 45
32 515 19 51
27 369 13 40
30 201 7 37
31 606 22 53
29 530 19 48
28 753 27 55
27 836 30 57
236 4170 150 386

modeling the relationship between Maize output from a hec-
tare of land and factors used for producing it. In this study, the
analysis of the function relationship between output and input
following the economic analysis conducted by [18]. This anal-
yses models that a smallholder farming household uses com-
bination of N inputs such as labor, capital, seed, fertilizer and
others for producing agricultural output (Maize in this case).
The production function which connects the technological re-
lationship between input and output by using the following
production function.

Q=1(X,2)

where Q represents output, X = (Xj, Xz... Xn) is amount of
inputs and Z = (Z1, Z,... Zm) is production shifter variables
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including household characteristics, environmental problem,
farm practices and institutional services.

Different scholars employed Cobb-Douglas production
function for analyzing the relationship presented above. For
instance; [7] used this Cobb Douglas production function to
understand the major factors that affect the production of cof-
fee in Darolabu woreda, West Hararghe Zone, and [56]; and
[52] also used it as specified below:

Q=F(x,2)

Y=Axix02 + xn?n ghtD1+H2D2+pnDnUi

This non-linear function can be converted to linear function
through simple logarithmic transformation, and can be written
as;

InY=InA+alnx;+aslnxo+.......... +aplnx,+fi1Di+
B2Dat......... BnDntUi

where Y represents maize output per hectare, Xi denotes in-
put factors such as labor, seed, and fertilizer, Di captures
household, environmental, or institutional characteristics, and
Ui is the error term. This functional form allows for estimating
the elasticities of inputs while controlling for household, en-
vironmental, and institutional factors that may influence
productivity.

Therefore, the transformed multiple linear models from the
above function which can be used for this study is specified
as;

Lnoutput = Bo +pi1/nAge +B2/nSex+PBs/neduct+ Palnexp +
Bsinfsize + Belndistr+ Br/ncred+Pslnextent Polndistm+
Biolntrain + B11/nAES+U;

Probability of household adopting improved maize varieties
(AIMVs) was estimated using a binary logit model. The model
is formulated as:

1 1
1+e~%L 1+e=X'B

pi = E(AIMVi = 1/Xi)

And, Households Not Adopting (1 — pi) is expressed as;

eZl

1+ eZ

1-pi 1-

Where: X is a vector of explanatory variables determining
the individual’s choice of whether adopting or not adopting
the improved maize variety,

B is the set of parameters or coefficients of explanatory var-
iables.

For simplicity, the equation above can rewrite as;

eXIB

1+eX'B
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Equation above is called cumulative distribution function,
and represents the probability of household adopting the tech-
nology.

Since pi is non-linear in fB’s and Xi, it is impossible to
apply the OLS procedures to estimate the parameters. So what
is required is that linearizing equation above, because the
problem is more apparent than the real case. Given the proba-
bility that household adopting and not adopting, we can write
the odds ratio or relative risk, i.e. the ratio of households
adopting to households not adopting can be derived as follows;

pi__ e
1-pi 14+e~20

Finally, by taking the natural log of the odds ratio (equation
above) we can derive the logistic distribution. i.e.

Zi:eXrﬁ.

by simplification it becomes e

. adopt
Li —— ) =Zi=X'
Not adopt) Zi X ﬁ

= In(
For estimation purpose, equation above can be modified as
Zi = X'Brui = a+PiXi + ui

Where X and f are as defined above.

Thus, the log-odds are a linear function of the explanatory
variables.

Letting an individual’s true but completely unobservable
technology adoption by AIMVi* (latent variable),

AIMVi* = X'B+ui= a+BiXi + ui

AIMVi*=a + fiage + f,sex + fzeduc + frexp +
Bsfsize + Bgdistr + B,cred + Pgexten + fodistm +
Biotrain + ui

Where; a-constant intercept and f; ... ..... f10- coefficients
of explanatory variable.

AIMVi*- is the i*" households true but unobservable im-
proved maize variety adoption and is binary choice dependent
variable.

To estimate the causal effect of IMV adoption on maize
productivity, Propensity Score Matching (PSM) was em-
ployed. PSM compares adopters (treatment group) and non-
adopters (control group) who have similar observable charac-
teristics, thereby controlling for selection bias. The Average
Treatment Effect on the Treated (ATT) was calculated as:

ATT =E (YT -YC/Di=1)=E (Yi/ Di= 1) - E(Y:T/D; = 0)

where YiT and Yi¢ are outcomes for treated and control farm
households, respectively, and Di=1 indicates adoption.

In this study, various matching algorithms including nearest
neighbor, radius, stratification, and kernel matching were used,
and matching quality was evaluated using standardized bias
and t-tests to ensure comparability between groups. In this
study, diagnostic tests were performed to validate the reliabil-
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ity of both logistic regression and PSM models. The tests in-
clude assessing model fit using the likelihood ratio test, eval-
uating goodness-of-fit with the Hosmer-Lemeshow test,
checking for multicollinearity among explanatory variables,

and performing common support and covariate balance tests
for PSM. These tests ensured that the models provided robust
and unbiased estimates.

Table 2. Description of variables with their expected signs.

E t
Variables Type of Variable Decision Description Sixgl:lec ed
Dependent and Outcome
Adoption of Improved Dumm 1_if“Adopt”and 0_  The maize farmers decision toward adopting o
Maize Variety (AIMV) Y if “Not” technology is dependent on different factors
Mai ductitvit . M di intal . .
126 productitvity Continuous eas1.1re IAuinta’s e sutcome variable of technology adoption ok
(Prod) of maize per hectare
Independent Variables
. M i Aged f i h t;
Age (age) Confinuous easured in number ged farmers are experiences, hence adopt; or .
of years Older farmers may be more risk-averse
1 if Male; and 0 oth- Being male-headed households are more will-
Sex (sex) Dummy . . +
erwise ing to adopt
0-Never attend for-
mal education Literate or years of schooling; influences
Education Level (educ) Categorical 1-Primary (1-8) awareness and ability to understand new prac-  +
2-Secondary (9-12) tices.
3-College & above
Farm Experience (exp) Continuous Measured in years More experienced farmers may be more likely +
to adopt, or less resistant to change
Farm Size (fsize) Continuous Measured in hectares Larger. fz.u*ms sites may have more resources +
and willingness to adopt
Distance of farm from . Measured in walking  Affects ease of supervision and application of
. . Continuous -
main road (distr) hours technology.
. 1-if Yes; -other-  Availability of | fi ial ices fi
Access to Credit (cred) Dummy if Yes; and 0-other Avai abi 1ty9 oans or financial services for +
wise inputs or equipment
Access to extension ser- Dumm 1-if Yes; and 0-other- ~ Regular visits or contact with agricultural of- +
vices (exten) Y wise ficers increases information exposure
. . . Proximity and affordability of seeds, fertiliz-
Distance of Market to the . Measured in walking roximity and ation a. Y of see S’. ¢ iz
. . Continuous ers, and also opportunities to sell maize influ- -
farm site (distm) hours . . . ..
ence motivation to invest in productivity.
- . 1-if Yes; and 0-other- ~ Exposure to training increases likelihood of
Access to training (train) ~ Dummy +

wise

adoption.

The study incorporated dependent, outcome, and independ-
ent variables. The main dependent variables were the adoption
of improved maize varieties (AIMV), coded as a binary vari-
able (1 = adopt, 0 = not adopt), and the outcome variable was
maize productivity (Prod/hectare), measured continuously in
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quintals per hectare; and independent variables were com-
prised of socio-economic, farm-related, environmental, and
institutional factors hypothesized to influence adoption deci-
sion and productivity, with expected positive or negative signs
based on prior literature and theory.
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4. Results and Discussion

This study analyzed the factors of improved maize variety
adoption decision and their impact of enhancing Maize
productivity of smallholder farmers in Gesha Woreda, Kaffa
Zone. The analysis were conducted both in descriptive and
econometric analysis. The descriptive analysis highlights the
demographic and socio-economic characteristics of respond-
ents and institutional factors influencing maize productivity;
while the econometric analysis identified the determinants of
improved maize variety adoption decision of smallholder farm
decision using Binary Logit model and its impact on Maize
productivity through Score Matching (PSM). For analysis,
necessary data was collected from 386 sample households
while only 348 responses were used for analysis.

The descriptive statistics analysis result indicated that the
age of sample farm households range from 20 to 78 years, with
a mean of 45.2 years, indicating that most farmers were in the
productive age group. This result aligns with human capital
theory, which suggests that age and experience influence
productivity and adoption of innovations. The sex composi-
tion shows that, male farmers dominated maize production in
the study area (73.3%), while females represented 26.7%, con-
sistent with empirical studies in Ethiopia showing male pre-
dominance in staple crop production [3, 25]. Concerning the
level of education, 51.2% of farmers had completed primary
education, 25.9% had no formal education, 17.2% had com-
pleted secondary education, and only 5.8% had attained col-
lege-level or higher education. Evidences indicated that level
of education has been widely recognized as a key determinant
of technology adoption decision, as it improves farmers’ ca-
pacity to access, understand, and utilize improved agricultural
practices [3].

Regarding average income of sample farm households in
the study area, the study area shows that the average annual
income from maize production was ETB 21,331 ranging from
minimum of ETB 1,250 and maximum of ETB 90,000, and
67.2% of households earned over ETB 20,000 annually from
off-maize sources. The result further indicates that practicing
mixed farming plays a vital role in ensuring farming house-
holds livelihood. Further the result is consistent with liveli-
hood diversification theory presented by [22], who states that
rural households combine multiple income sources to reduce
risk and enhance welfare.

Concerning the average land owned by farm households,
the study result revealed that the average landholding was 2.82
hectares ranging from a minimum of 0.75 hectare and maxi-
mum of 9 hectares. The average hour of walking from farm
site to main road becomes 1 hour and 30 minutes, which may
constrain access to markets, inputs, and extension services.
The existing study results in Ethiopia tells us that proximity to
infrastructure such as main feeder road significantly influ-
ences input use, market participation, and adoption of im-
proved varieties [9].
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Regarding the farm households access to agricultural exten-
sion services, the descriptive statistics of this study revealed
that majority (67.2%) of sample participants had access to
credit, 65.2% had used fertilizers, 63.0% had utilized im-
proved maize seeds, and 57.2% had participated in extension
services in general; while only 39.1% had received training
during the last production season, highlighting gaps in capac-
ity-building in the study area. The theoretical evidences high-
light that access to credit service and extension services im-
proves the adoption decision of farm households as well as
their productivity [43]. Further, a study finding from Ethiopia
supports this theory. For instance, study by [2, 58] confirmed
that access to credit and extension services enhances produc-
tivity. In conclusion, though majority had access to credit ser-
vice and extension service in the study area, gaps particularly
in training may limit the effective adoption of the technology
and productivity of maize output in the study area.

Before directly using the results for discussions, basic diag-
nostic tests were conducted. Accordingly, the diagnostic tests
indicate that the binary logit model is statistically robust. Mul-
ticollinearity was assessed using the Variance Inflation Factor
(VIF), which produced a mean value of 1.20, suggesting no
serious multicollinearity concerns. Heteroskedasticity was
evaluated using the Breusch-Pagan/Cook-Weisberg test, con-
firming that the model exhibits constant variance. Finally, the
Hosmer-Lemeshow goodness-of-fit test indicated that the
model fits the data well, supporting the reliability of the esti-
mated results [34].

Determinants of Improved Maize Variety (IMV) Adoption in
Gesha Woreda

To analyze the determinants of improved maize variety
adoption decision in the study area, binary logit model was
applied. Accordingly, the result from the model revealed that
different hypothesized factors were significant determinants
of improved maize variety adoption in the study area. Table 3
below presented the binary logit regression result. The result
shown that male-headed households were 78% more likely to
adopt improve maize variety’s, with a marginal effect of 14.6
percentage points. The result for level of education revealed
that higher education significantly raises the likelihood of im-
proved maize variety adoption by 76% (marginal effect = 10.9
percentage points). The finding is in line with empirical find-
ings that education improves farmers’ capacity to access, un-
derstand, and utilize agricultural technologies [3, 4]. Similarly,
the farm households experience positively and significantly
determined the decision of improved maize variety in the
study area. The result for farm experience shows that, one ad-
ditional year of farm experience increases the odds by 8%
(marginal effect =1.8 percentage points), which supports the
human capital theory, which emphasizes that accumulated ex-
perience enhances productivity and adoption decisions.

The other significant factor of improved maize variety
adoption in the study area is the size of landholding. The find-
ing presented below shows that each additional hectare of land
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increases the adoption odds by 17% (marginal effect = 3.7 per-
centage points). Likewise, access to credit strongly enhanced
adoption decision, increasing the odds by 91% (marginal ef-
fect = 15.7 percentage points). The result is consistent with
prior studies showing that financial access enables farmers to
invest in improved inputs [13, 58].

Being far from market center discourages farming house-
hold from adopting improved maize variety in the study area.
Further, the result presented below shown that, greater dis-
tance to the nearest market reduced the likelihood of adoption

by 39% (marginal effect =—11.3 percentage points), reflecting
the importance of market accessibility in technology adoption
[9]. However, variables such as participation in extension ser-
vices, training, and distance to the main road were not statis-
tically significant in this study. Overall, the results indicate
that factors such as socio-economic, environmental, institu-
tional, and others play key roles in shaping farmers’ adoption
decisions.

Table 3. Logit regression result for determinants of improved maize variety adoption in the study area.

Variables Odd-ratio dy/dx
_constant 0.2601125 -

Age 0. 9958821 -0.0008
Sex 1.782809 0.1459
Education 1.757276 0.1091
Experience 1.079141 0.0179
Farm size 1.166733 0.0367
Distance main road 0. 761835 -0.0645
Credit access 1.905072 0.1574
Extension service 1.302635 0.0614
Distance of market 0.6115543 -0.1131
Training service 0. 8684482 -0.0391

* Rk &*F** represents significant at 10%, 5%, & 1% respectively.

Number of Obs = 348

LR chi*(10) = 83.01

Prob >chi? = 0.0000

Pseudo R?=0.1756

Log likelihood = -194.85433

Source: Own computation based on data, 2025

Impact of Improved Maize Variety Adoption on Maize
Productivity in Gesha Woreda

For examining the impact of improved maize variety on
maize productivity in the study area, Propensity Score Match-

Stand. Err V4 pP>|z|
0.7100 -2.00 0.045
0.0118 -28 0.780
0.2811 2.14 0.033**
0.1593 2.87 0.004%**
0.0157 4.78 0.000%**
0.0702 2.19 0.028%*
0.2225 -1.22 0.224
0.2736 2.50 0.012%*
0.2500 1.03 0.304
0.1669 -2.84 0.004***
0.2565 -0.64 0.524

ing (PSM) was employed. PSM model was employed to con-
trol for selection bias arising from observable differences be-
tween adopters and non-adopters [44]. The result of this study
revealed that the adoption of improved maize variety signifi-
cantly improved the maize productivity in the study area.

Table 4. Covariate Balance Test Before and After Matching.

Mean %reduct t-test
Variable
Treated Control %bias Bias t p>t
A U 47.946 41.255 48.400 4.470 0.000 0.880
ge
47.946 46.227 12.400 74.300 1.250 0.212
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Mean %reduct t-test
Variable
Treated Control %bias Bias t p>t
U 0.783 0.662 27.200 2.530 0.012
Sex
M 0.783 0.803 -4.400 83.700 -0.490 0.625
U 0.847 0.731 22.200 2.040 0.042 0.950
Educ
M 0.847 0.867 -3.800 83.100 -0.390 0.698
U 20.892 13.276 72.900 6.710 0.000 0.980
Exper
M 20.892 20.473 4 94.500 0.380 0.706
U 3.027 2.520 27.100 2.470 0.014 1.300
Farm size
M 3.027 3.231 -10.900 59.800 -0.940 0.345
Distance of U 1.244 1.327 -14.500 -1.330 0.184 1.010
road M 1.244 1.257 -2.300 84.400 -0.230 0.819
U 0.355 0.290 13.900 1.270 0.204
Credit
M 0.355 0.350 1.1 92.400 0.100 0.918
U 0.596 0.538 11.700 1.080 0.281
Extension
M 0.596 0.611 -3.000 74.600 -0.300 0.762
Distance of U 1.151 1.575 -56.300 -5.190 0.000 0.950
market M 1.151 1.202 -6.700 88.100 -0.680 0.495
U 0.384 4 -3.200 -0.300 0.767
Training M 0.384 0374 2 37.500 0.200 0.838

Source: Own computation based on data, 2025

0 2 A4 .6 .8 1
Propensity Score
I untreated I Treated: On support

I Treated: Off support

Figure 2. Common Support Region.
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The figure above presents the distribution of propensity = maize varieties extend beyond current adopters.

scores for treated and untreated households. The overlap in the Furthermore, the sincerity of the estimated impact result is
propensity score distribution indicates the existence of com-  confirmed by post-matching diagnostic tests. The result of
mon support region for both adopters and non-adopters. Ex- pseudo R? decreased from 0.167 before matching to 0.007 af-
cept few treated observations, majority falls within the com- ter matching, indicating that observable differences between
mon support region; hence the estimation is based on compa-  adopters and non-adopters were largely eliminated following
rable observations. matching [15]. In addition, post-matching covariate balance

Moreover, the covariate balance test was conducted. The tests revealed no statistically significant differences in key
test result presented in table below shows that the covariate ~ household and farm characteristics between the matched
balance test results before and after matching. The test result ~ groups, confirming satisfaction of the common support condi-
revealed that significant difference exists between adopters tion and the Conditional Independence Assumption (CIA).

and non-adopters before matching. After matching, the stand- Hence, these post diagnostic tests indicated that the results are
ardized bias for all covariates declined significantly. Thus in- strongly confirmed for the causal interpretation of the esti-
dicates the common support and conditional independence as- mated treatment effects, indicating that the observed produc-
sumptions are reasonably satisfied. tivity differences can be convincingly attributed to improved

The Average Treatment Effect on the Treated (ATT) indi- maize variety adoption rather than pre-existing household
cates that households adopting improved maize varieties characteristics.

achieved, on average, a 11-unit higher maize productivity out- Generally, the adoption of improved maize variety en-
come compared to comparable non-adopting households. Alt- hances productivity of maize output in the study area. The sta-
hough the magnitude of the ATT appears modest, the associ- tistically significant and consistent result of ATT had shown

ated t-statistic (4.94) confirms that the effect is statistically =~ us the importance agricultural technology adoption in the
significant at conventional levels, implying that IMV adoption study area. Moreover, the study result is consistent with prior
generates a measurable and positive productivity gain for studies across Ethiopia and sub-saharan Africa [2, 36, 48, 58].
adopting households. Similarly, the Average Treatment Effect =~ And also, from the perspective of policy, the finding highlights
(ATE) shows that, on average, adoption improves maize  the need for intervention in provision of improved seeds to the
productivity for a randomly selected household from the pop- smallholder farmers in the study area specifically, and to the
ulation, suggesting that the productivity benefits of improved  region in general.

Table 5. Estimated the average treatment effect on the treated group (ATT) in the study area.

Variable Sample Treated Controls Difference S.E T-stat
ATT 22.20248 11.1087 11.0094 0.2215 4.94%
ATE 22.0016 10.998106 11.003494 0.1547 3.25%

Source: Own computation based on data, 2025

Insights from Agricultural Development Agents These qualitative insights from interview with officials com-
This study obtained additional insights from agricultural  plement the survey findings and offer valuable context for for-
development agents in the study woreda. Accordingly, inter- mulating policy recommendations.

views were conducted with ten local agricultural development
agents, and the interview highlights that revealed that the pro-
motion of improved maize varieties (IMVs) is supported by
different mechanisms though the initiation from the side of
households is low. Moreover, the agents identified several
challenges, such as seed shortages, limited budgets, inade-
quate infrastructure, pest outbreaks, and climate variability,
which constrain effective adoption of the modern agricultural
technologies in the study area. Further, the participants em-
phasized the importance of improving seed supply, strength-
ening extension follow-up, establishing better market linkages,
and providing targeted farmer training to boost adoption rates.

5. Conclusion

Agriculture is the main livelihood activity in sub-Saharan
Africa including Ethiopia, and maize is the known crop among
others. The productivity of agriculture in general and maize in
particular remained low due to different factors including lim-
ited adoption of improved modern agricultural technologies.
This study assessed the determinants of adoption of improved
maize varieties (IMVs) and their impact on maize productivity
among smallholder farmers in Gesha Woreda, Kaffa Zone.
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The analysis was conducted both in descriptive and economet-
ric analysis.

The results from descriptive analysis revealed that majority
of households are male headed, attended primary education,
generated average yearly maize income up to ETB 90,000,
and owned maximum of 9 hectare of farm land. Moreover, the
farm household’s decision of adopting improved maize vari-
ety is significantly determined by sex, education, farm expe-
rience, farm size, access to credit, and distance to markets;
while age, distance to main roads, extension services, and
training were not significant factors. Regarding the impact,
before addressing selection bias, adopters produced an aver-
age of 22.20 quintals per hectare compared to 11.11 quintals
for non-adopters. Using Propensity Score Matching (PSM) to
control for selection bias, the Average Treatment Effect on the
Treated (ATT) indicated that adopters gained an additional
11.01 quintals per hectare, while the Average Treatment Effect
(ATE) suggested a potential increase of 11.00 quintals if all
households adopted IMVs. These findings confirm that IMV
adoption significantly enhances maize productivity and
household income, highlighting the importance of supporting
adoption through targeted extension services, credit access,
and improved market infrastructure to boost rural livelihoods.

6. Recommendations

Based on the study findings, the following recommenda-
tions are proposed to enhance the adoption of improved maize
varieties and increase maize productivity in Gesha Woreda
and the broader Kaffa Zone, Southwest Ethiopia.

First, credit access plays a vital role in enhancing the adop-
tion of improved maize variety; hence improving the credit
access to credit is important point of consideration. To achieve
the impact through credit, strengthening rural microfinance in-
stitutions and cooperative-based schemes, reducing collateral
requirements, providing seasonal input-specific credit pack-
ages, and piloting innovative delivery models such as mobile-
based microloans or blockchain-backed digital credit to en-
sure timely, transparent, and tailored financial support for
smallholder farmers is recommended as a way out. Second,
organizing different market hubs can improve the adoption of
modern agricultural technologies including improved maize
variety, since distance to market center negatively influence
the farming households adoption decision. Encouraging fe-
males participation through different mechanisms like gender-
sensitive training programs, targeted seed and credit support
for women-headed households, strengthening farmer educa-
tion and training is also recommended, since education
strongly influences adoption; expanding farmer field schools,
radio programs, and interactive digital learning tools can im-
prove awareness of the benefits, management, and profitabil-
ity of improved maize varieties. Finally, supporting farmers
with small landholdings is necessary, as farm size positively
affects adoption. Generally, implementing the remedies stated
above can substantially increase adoption rates, increase
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maize productivity, and enhance rural household income and
food security.

Abbreviations
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