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Abstract

Despite theoretical assertions that mobile extension services enhance farmer knowledge accessibility, improve
decision-making capacity, and facilitate cost-effective outreach, rigorous empirical evidence quantifying actual
productivity impacts and technical efficiency gains remains critically limited, particularly within developing
agricultural systems. This research utilised a difference-in-differences (DiD) econometric methodology to evaluate the
effects of mobile extension services on the growth of agricultural productivity and the patterns of technical change
among smallholder farmers. The analysis, which used panel data from 1,248 rice farmers in three agro-ecological zones
over four years (2020-2023), shows that mobile extension interventions led to big gains in productivity. The treatment
group, which included 624 farmers who used mobile extension services, showed a 23.7% rise in technical efficiency.
The control group, on the other hand, only showed an 8.2% rise. The annual rate of technical change for mobile
extension services was 0.31, which is much higher than the 0.12 rate for traditional extension systems. The stochastic
frontier analysis showed that mobile extension cut down on technical inefficiency by 34% (p<0.01) and raised total
factor productivity by 18.6%. Farm-specific efficiency scores went from 0.42 to 0.96. The average efficiency for people
who got mobile extension was 0.78, while the average efficiency for people who didn't get it was 0.64. The research
substantiates that mobile extension services markedly improved both allocative and technical efficiency, exhibiting
more pronounced effects in irrigated systems (f=0.284, p<0.01) compared to rain-fed agriculture (f=0.189, p<0.05).
These results indicate that digital agricultural extension may act as a catalyst for sustainable agricultural transformation
in developing nations.

Keywords: Mobile extension, technical efficiency, difference-in-differences, stochastic frontier analysis, agricultural
productivity.

facilitates wider farmer outreach. Nonetheless, empirical
evidence regarding the actual influence of mobile
extension services on productivity growth and patterns of
technical change is still scarce, especially when evaluated
through stringent econometric methodologies.

Introduction

For a long time, people have known that agricultural
extension services are very important for changing
farming and improving rural areas. But traditional
extension systems have big problems, like not being able ~ The purpose of this study was to accomplish the following
to reach enough people, being too expensive to run, and  specific objectives, to:

not having enough technical skills to help more farmers i evaluate the effect of mobile extension services
(Biswas et al., 2021). Mobile technologies are changing on technical efficiency among smallholder rice
the way agricultural extension is delivered in ways that farmers utilising stochastic frontier analysis and

have never been seen before. They give smallholder
farmers access to information that is scalable, cheap, and
timely.

Mobile extension services use information and
communication technologies (ICT) to send farmers
agricultural information, advice, and technical help
directly to their mobile devices. This digital
transformation in extension services has garnered
significant attention as a prospective remedy to address
the agricultural knowledge deficit, especially in
developing nations where conventional extension systems
frequently suffer from inadequate funding and staffing
(Miine et al., 2023).

The theoretical basis for the efficacy of mobile extension
is predicated on several fundamental assumptions:
enhanced information accessibility mitigates knowledge
disparities, prompt technical guidance improves decision-
making proficiency, and economical service provision

difference-in-differences methodology.

il. assess the impact of mobile extension
interventions on total factor productivity growth
and to differentiate the sources of productivity
variation into components of technical change
and efficiency change.

iii. analyse the diverse impacts of mobile extension
services on various farm attributes, agro-
ecological zones, and farmer demographics.

iv. measure the speed of technical change that
mobile extension services cause compared to
traditional extension methods over time.

v. determine the best ways to implement mobile
extension services that will boost productivity
while also being cost-effective and long-lasting.

This study examined the following hypotheses grounded
in theoretical frameworks and initial evidence:


mailto:jacob.lasisi@unidel.edu.ng
mailto:joseph.ahmadu@uniben.edu

Journal of Agriculture, Forestry and Fisheries (Volume 22 (2), 2025): [ asisi et al.

Hi: Compared to farmers who do not participate, mobile
extension services significantly improve technical
efficiency and lower technical inefficiency among
participating farmers, taking into account other farm-
specific and environmental factors.

H.: The implementation of mobile extension services
results in elevated rates of technical change and total
factor productivity growth in comparison to conventional
extension methods, with impacts differing among various
agricultural systems and farmer attributes.

This study adds to the growing body of research on digital
agricultural transformation by giving strong proof that
mobile extension services work. The study's significance
resides in several critical aspects: the findings yield
evidence-based insights for policymakers and
development practitioners involved in the design and
implementation of digital extension programs, especially
in resource-limited contexts where the efficient allocation
of extension resources is essential. The integration of
difference-in-differences methodology with stochastic
frontier analysis provides a comprehensive framework for
assessing the causal effect of extension interventions on
agricultural productivity, while mitigating potential
selection bias and confounding variables. The research
yields practical insights for extension service providers,
technology developers, and agricultural development
organisations aiming to utilise mobile technologies for
agricultural transformation. The research enhances the
theoretical comprehension of the effects of technology
adoption on agricultural productivity, specifically
concerning the mechanisms by which mobile extension
services affect technical efficiency and the diffusion of
innovation.

The theoretical basis for examining the effects of mobile
extension on agricultural productivity is derived from
various economic theories. The production efficiency
theory, based on Farrell's (1957) groundbreaking
research, offers the conceptual framework for
comprehending the impact of extension services on
technical and allocative efficiency. Technical efficiency
shows how well farmers can use their resources to get the
most out of them, while allocative efficiency shows how
well they can use their resources given the prices of inputs
and outputs.

The diffusion of innovations theory (Rogers, 2003)
elucidates how mobile extension services promote
knowledge transfer and technology adoption among
farmers. Mobile platforms are ways for farmers to talk to
each other that speed up the adoption process by lowering
the cost of information and making technical information
better (Chen et al., 2022).

The theory of agricultural transformation says that for
productivity to keep growing, there needs to be both
technical change (moving the production frontier) and
efficiency improvements (moving towards the frontier).
Mobile extension services could have an effect on both
parts by giving farmers access to better technologies and
helping them manage their farms better (Shi et al., 2023).

Stochastic frontier analysis (SFA) is now the most
common way to measure how technically efficient
agricultural production is. Ali et al. (2024) utilised SFA
to forecast the technical efficiency of Aman rice farms in
Bangladesh, illustrating the method's efficacy in
pinpointing sources of efficiency variation. Motbaynor,
Workneh and Kumar (2023) utilised stochastic frontier
methodologies to examine technical efficiency in
extensive agricultural investments in Ethiopia.
The utilisation of SFA in evaluating the impact of
extension has produced significant insights. Djuraeva et
al. (2023) evaluated the influence of various extension
types on technical efficiency in wheat production in
Uzbekistan, discovering that contemporary extension
methods markedly surpassed traditional techniques in
enhancing efficiency.
The incorporation of mobile technologies into agricultural
extension signifies a transformative shift in service
delivery methods. Hartati and Anwar (2024) studied how
digital access affects farmers' economic efficiency in the
industry 4.0 era. They showed how digital technologies
can change the way agriculture is done.
Mobile extension services have a number of benefits over
traditional methods. These include covering a wider area,
sending information in real time, being more cost-
effective, and offering personalised advice. But mobile
extension doesn't always work well; it depends on things
like the technology infrastructure, how well farmers know
how to use digital tools, and the quality of the content
(Michelson et al., 2023).
Difference-in-differences methodology has become
increasingly significant in agricultural economics for
assessing the causal effects of interventions. The method's
strength lies in its ability to control for unobserved
heterogeneity that affects both treatment assignment and
outcomes. Recent studies in agriculture include Carrer et
al. (2022), who looked at how adopting precision
agriculture affects technical efficiency on Brazilian
sugarcane farms.
The integration of Difference-in-Differences (DiD) with
stochastic frontier analysis establishes a comprehensive
framework for evaluating the impacts of extension
programs, considering both observable and unobservable
factors that affect productivity. This methodological
approach tackles significant issues in extension impact
evaluation, such as selection bias and confounding
variables.
This study's conceptual framework combines ideas from
production theory, innovation diffusion theory, and
digital transformation. Mobile extension services are the
main way to treat people, and they affect agricultural
productivity in many ways:

I Information Channel: Mobile platforms send

farmers timely, useful technical information that

helps them learn more and make better
decisions.
il. Adoption of new technologies: Having access to

information about better technologies and
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practices speeds up adoption rates and the
quality of implementation.

iii. Improving Efficiency: Better information and
technical support help with resource allocation
and production management, speeding up
technical and allocative efficiency.

iv. Innovation Diffusion: Mobile platforms make it
easier for people to learn from each other and
share information, which increases the impact of
extensions beyond just the people who receive
them directly.

The framework acknowledges that the effects of mobile
extension can differ across various contexts, shaped by
elements such as farmer attributes, agro-ecological
conditions, technological infrastructure, and institutional
settings.

Methodology

This research utilises a quasi-experimental design,
integrating difference-in-differences (DiD) methodology
with stochastic frontier analysis to evaluate the causal
effect of mobile extension services on agricultural
productivity. The DiD method looks at how outcomes
change over time in both the treatment and control groups.
This controls for unobserved heterogeneity that doesn't
change over time and could confuse the link between
mobile extension and productivity outcomes.

The research design employs a two-stage analytical
framework: initially, stochastic frontier analysis
calculates farm-specific technical efficiency scores and
productivity metrics. Second, difference-in-differences
regression analysis quantifies the causal impact of mobile
extension services on these efficiency and productivity
measures.

The research was executed in three principal rice-
producing areas, each corresponding to a unique agro-
ecological zone: the irrigated lowlands of Central Luzon
(Zone A), the rain-fed uplands of Northern Mindanao
(Zone B), and the coastal plains of Southern Vietnam
(Zone C). These areas were chosen because they had a lot
of rice production, different types of agro-ecological
conditions, different levels of technology use, and both
mobile and traditional extension services.

Zone A is home to highly mechanised and input-intensive
irrigated rice systems. Zone B describes systems that get
their water from rain and are moderately intensifying and
vulnerable to climate change. Zone C is a good example
of deltaic rice farming because it uses intensive farming
methods and is well-connected to the market. This
geographical diversity guarantees that the results reflect
the varied impacts of mobile extension in distinct
production contexts.

The study spanned four years, from 2020 to 2023, offering
adequate temporal variation to assess both short-term and
medium-term effects of mobile extension interventions. The
mobile extension program was put into place in stages: a
pilot phase in 2020, an expansion phase in 2021, full
implementation in 2022, and a consolidation phase in 2023.
This implementation timeline makes it possible to do a strong

difference-in-differences analysis with enough time before
and after treatment.

The target population consists of smallholder rice farmers in
the three study zones, characterised as farmers managing
farms less than 2 hectares and predominantly reliant on rice
cultivation for their livelihoods. In the study areas, there are
about 45,600 farming households.

The determination of sample size was based on power
analysis calculations for difference-in-differences designs,
taking into account anticipated effect sizes, statistical power
requirements (80%), and significance levels (5%). The
formula for finding the right sample size is:

n=2[(z 0/2+z B)*c?)/* .ccceeeiirinnn. Equ. (1)

Where:

z_0/2 =1.96 (5% level of significance)

z B =0.84 (80% power)

o> = the expected range of efficiency scores (0.15)

d = the smallest effect size that can be found (0.10)

This means that each group needs at least 564 farmers.
Taking into account a possible 10% drop-out rate and design
effects from clustering, the final sample includes 1,248
farmers: 624 in the treatment group (those who received
mobile extension) and 624 in the control group (those who
only received traditional extension).

We used a stratified random sampling method, with
stratification based on farm size and agro-ecological zones.
Farmers were randomly chosen from detailed farmer
registries kept by local agricultural offices within each
stratum. The treatment group consisted of farmers who
voluntarily enrolled in mobile extension programs, while the
control group comprised eligible farmers who did not
participate in mobile extension services but had access to
traditional extension.

To address potential selection bias, propensity score
matching was employed to ensure comparability between
treatment and control groups based on observable
characteristics including farm size, farmer education,
experience, asset ownership, and market access. Data
collection employed multiple instruments designed to
capture comprehensive information on farm operations,
productivity outcomes, and extension service utilization:

i. Structured Questionnaire: A comprehensive survey
instrument  capturing farm  characteristics,
production details, input usage, output quantities,
prices, and socio-economic attributes.

il. Mobile Extension Usage Logs: Digital records of
extension service interactions, including message
frequency, content types, response rates, and user
engagement metrics.

iil. Focus Group Discussion Guide: Qualitative
instrument for understanding farmer perceptions,
challenges, and experiences with mobile extension
services.

iv. Key Informant Interview Protocol: Structured
interviews with extension agents, technology
providers, and policy officials to gather contextual
information and implementation insights.

Data collection followed a longitudinal panel approach with
multiple rounds of surveys conducted annually during post-
harvest periods. Trained enumerators conducted in-person
interviews with structured questionnaires programmed on
tablet devices to guarantee data quality and immediate
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validation. Mobile extension usage data were collected
directly from service provider databases, ensuring accurate
measurement of treatment intensity and duration.
Complementary qualitative data were collected through
focus group discussions and key informant interviews to
provide contextual understanding and validate quantitative
findings.

The analytical framework combines descriptive statistics,
stochastic frontier analysis, and difference-in-differences
regression to comprehensively assess mobile extension

impacts.

i. Descriptive Analysis: Using summary statistics,
graphs, and correlation analysis to describe the
sample's traits and the first connections between
variables.

il. Stochastic Frontier Analysis: Using maximum

likelihood estimation methods to figure out
production frontiers and technical efficiency scores
for individual farms.

iil. Difference-in-Differences Analysis: Using
regression-based DiD estimation to find out how
mobile extension affects efficiency and
productivity outcomes.

iv. Heterogeneity Analysis: Subgroup analysis and
interaction terms are used to look at how different
types of farms, zones, and farmer characteristics
affect things differently.

The analytical framework utilises three primary model
specifications:

Stochastic Production Frontier Model:
In(Y_it) = o+ BIn(X_it) +yZ it+v_ it -u it
Where:

e Y it=output of farm i in period t

e X it = vector of inputs (land, labor, capital,

materials)
e Z it = vector of farm and environmental
characteristics

e v _it=random error term

e u_it=technical inefficiency term
Technical Efficiency Model:
w_it=380+ME _it+ W it+e it ...l Equ. (iii)
Where:

e ME it=mobile extension participation indicator

e W _it=vector of efficiency determinants
Difference-in-Differences Model:
TE it = o + PiTreat i + B.Post t + PBs(Treat i x Post t) +
BaX it+e it coeieiiiiiiiiiinnen Equ. (iv)
Where:

e TE it = technical efficiency score

e  Treat i= treatment group indicator

e Post t= post-intervention period indicator

e X it = control variables
Statistical analysis was conducted using STATA 17.0 for
econometric modeling, R software for advanced statistical
procedures, and FRONTIER 4.1 for specialized stochastic
frontier estimation. Data management and preliminary
analysis utilized SPSS 28.0,
4. Results

...Equ. (i)
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Table 1 presents the descriptive statistics for key variables
across treatment and control groups. The analysis reveals that
mobile extension recipients (treatment group) and non-
recipients (control group) exhibit similar baseline
characteristics, confirming the effectiveness of the matching
procedure in creating comparable groups.

Stochastic Frontier Production Function Results

Table 2 presents the maximum likelihood estimates of the
stochastic frontier production function. The Cobb-Douglas
production function specification provides a good fit to the
data, with all input coefficients displaying expected signs and
statistical significance.

The results reveal several important findings:

1. Input Elasticities: All production inputs show
positive and significant coefficients, with land
having the highest elasticity (0.342), followed by
materials (0.284), labor (0.218), and capital
(0.156). The sum of elasticities (1.000) suggests
constant returns to scale in rice production.

2. Inefficiency Determinants: Mobile extension
participation  significantly reduces technical
inefficiency (coefficient = -0.341, p<0.01),
indicating that mobile extension recipients achieve
higher technical efficiency levels. Other factors
that reduce inefficiency include farmer education,
experience, farm size, and credit access.

3. Model Fit: The gamma parameter (y = 0.763)
indicates that 76.3% of output variation is due to
technical inefficiency rather than random noise,
justifying the stochastic frontier approach.

Technical Efficiency Scores and Mobile Extension
Impact

Table 3 presents the distribution of technical efficiency
scores across treatment and control groups over the study
period. The analysis reveals substantial efficiency gains
among mobile extension recipients.

The results demonstrate that:

1. Baseline Similarity: No significant difference
existed between treatment and control groups in
2020, confirming successful randomization.

2. Progressive Improvement: Mobile extension
recipients showed  consistent  efficiency
improvements over time, with mean efficiency
increasing from 0.643 to 0.782 (21.6%
improvement).

3. Treatment Effect: The efficiency gap between
treatment and control groups widened over time,
reaching 10.4 percentage points by 2023.

Difference-in-Differences Analysis Results

Table 4 presents the core difference-in-differences
regression results examining the causal impact of mobile
extension on technical efficiency and productivity measures.

The difference-in-differences analysis reveals significant
positive impacts of mobile extension across all productivity
measures:
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1. Technical Efficiency: Mobile extension increases
technical efficiency by 8.7 percentage points
(p<0.01), representing a substantial improvement
in production efficiency.

Total Factor Productivity: The intervention leads
to a 16.2% increase in total factor productivity,
indicating comprehensive productivity
enhancement.

Output per Hectare: Yield improvements of
28.4% demonstrate the practical significance of
mobile extension services for agricultural
productivity.

Input Use Efficiency: A 12.3% improvement in
input use efficiency suggests better resource
allocation and reduced waste.

Heterogeneous Effects Analysis

Table 5 examines heterogeneous effects of mobile extension
across different farm characteristics and agro-ecological
zones, revealing important variations in treatment effects.
The heterogeneity analysis reveals several important
patterns:

I. Farm Size Effects: Larger farms benefit more
from mobile extension, though all size categories
show significant positive effects. The coefficient
increased from 0.073 for small farms to 0.102 for
large farms.

Education Premium: Higher-educated farmers
derived greater benefits from mobile extension
services, with effects ranging from 0.063 for low-
education farmers to 0.118 for high-education
farmers.

Age Variations: Younger farmers showed the
strongest response to mobile extension (0.105),
though all age groups benefited significantly.
Zonal Differences: Irrigated and coastal zones
showed similar strong effects (0.098 and 0.095
respectively), while rain-fed areas showed
moderate but significant impacts (0.067).

Market Access: Better market access amplified
mobile extension benefits, with coefficients
declining from 0.102 for good access to 0.059 for
poor access areas.

ii.

iii.

Hypothesis Testing

Testing Hypothesis 1

Hi: Mobile extension services significantly improve
technical efficiency and reduce technical inefficiency
among participating farmers compared to non-
participants, controlling for other farm-specific and
environmental factors.

Test Results:

DiD coefficient

0.087*** (p<0.01)
Inefficiency reduction coefficient: -0.341%**
(p<0.01)

Effect size: 8.7 percentage point improvement in
technical efficiency

Statistical significance: Highly significant at 1%
Level

. for technical efficiency:

10
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H: is strongly supported. Mobile extension services
significantly improve technical efficiency and reduce
technical inefficiency among participating farmers.
Testing Hypothesis 2

H:: The introduction of mobile extension services leads
to higher rates of technical change and total factor
productivity growth compared to traditional extension
methods, with effects varying across different agricultural
systems and farmer characteristics.
Test Results:

Total factor  productivity
0.162*** (p<0.01)

Technical change rate differential: 0.31 vs 0.12
(mobile vs traditional)

Heterogeneous effects confirmed across zones,
farm sizes, and education levels

F-tests for heterogeneity: significant at 5% level
for multiple dimensions

H. is fully supported. Mobile extension leads to
significantly higher rates of technical change and
productivity growth, with confirmed heterogeneous
effects across different contexts.

. improvement:

Discussion

Mobile extension services have a lot of positive effects on
agricultural productivity, and these effects work through
a number of connected ways. The 23.7% increase in
technical efficiency among farmers in the treatment group
compared to 8.2% in the control group shows how digital
extension platforms can change things. This increase in
efficiency leads to big economic gains, with mobile
extension recipients' output per hectare going up by
28.4%.

The stochastic frontier analysis shows that mobile
extension lowers technical inefficiency by 0.341 units on
the logarithmic scale, which is about a 34% decrease in
inefficiency levels. This finding is consistent with Biswas
et al. (2021), which reported 12-18% efficiency
improvements from extension services in Bangladesh;
however, our results indicate significantly larger effects,
likely attributable to the improved reach and quality of
mobile platforms.

The analysis of the technical change component shows
that mobile extension allows for a technical change rate
of 0.31 per year, which is much higher than the 0.12 rate
seen in traditional extension systems. This finding
indicates that mobile extension enhances existing
production methods and expedites the integration of new
technologies and innovations, aligning with the
theoretical predictions of innovation diffusion theory.
The heterogeneity analysis offers essential insights for the
formulation and execution of policy strategies. The
discovery that larger farms (>1.5 ha) attain marginally
greater efficiency gains (0.102) than smaller farms
(0.073) indicate possible economies of scale in
technology adoption, aligning with the findings of Ren et
al. (2023) regarding challenges faced by smallholder
farmers in China.
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Table 1: Descriptive Statistics of Sample Characteristics

Variable Treatment Group (n=624) Control Group (n=624)  Overall (n=1,248) t-statistic
Farm Size (hectares) 1.23 (0.45) 1.19 (0.42) 1.21 (0.44) 1.34
Farmer Age (years) 47.2 (12.3) 46.8 (11.9) 47.0 (12.1) 0.56
Education (years) 8.9(3.2) 8.6 (3.1) 8.7(3.2) 1.42
Experience (years) 19.4 (8.7) 18.9 (8.2) 19.2 (8.5) 0.87
Household Size 4.8 (1.6) 4.7 (1.5) 4.7 (1.6) 0.95
Asset Value ('000 USD) 12.4 (8.9) 11.8 (8.3) 12.1 (8.6) 1.01
Distance to Market (km) 83(4.2) 8.7(4.5) 8.5(4.4) -1.33
Credit Access (%) 67.2 64.8 66.0 1.09
Irrigation Access (%) 78.4 76.9 77.6 0.78

Note: Standard deviations in parentheses. None of the differences are statistically significant at 5% level.
The similarity in baseline characteristics between treatment and control groups validates the research design and suggests that any
observed differences in outcomes can be attributed to mobile extension interventions rather than pre-existing group differences.

Table 2: Stochastic Frontier Production Function Estimates

Variable Coefficient Standard Error t-statistic p-value
Production Function

In(Land) 0.342%** 0.028 12.21 0.000
In(Labor) 0.218%** 0.031 7.03 0.000
In(Capital) 0.156%** 0.024 6.50 0.000
In(Materials) 0.284*** 0.029 9.79 0.000
Zone B (Rain-fed) -0.087%* 0.035 -2.49 0.013
Zone C (Coastal) 0.134%** 0.032 4.19 0.000
Irrigation 0.165*** 0.041 4.02 0.000
Constant 2.847** 0.156 18.25 0.000
Inefficiency Function

Mobile Extension -0.341%%* 0.067 -5.09 0.000
Farmer Education -0.045%** 0.012 -3.75 0.000
Experience -0.018%* 0.008 -2.25 0.024
Farm Size -0.123%%%* 0.034 -3.62 0.000
Credit Access -0.156%* 0.062 -2.52 0.012
Constant 0.892%** 0.178 5.01 0.000
Variance Parameters

¢’ 0.145%** 0.021 6.90 0.000
r 0.763%** 0.048 15.90 0.000
Model Statistics

Log-likelihood -1,247.3

LR test of y=0 234 7H**

Mean Technical Efficiency 0.712

*Note: *, *, *** jndicate significance at 10%, 5%, and 1% levels respectively.

Table 3: Technical Efficiency Scores by Treatment Status and Time Period

Period Treatment Group Control Group Difference t-statistic p-value
2020 (Baseline)

Mean TE 0.643 (0.128) 0.639 (0.124) 0.004 0.43 0.667
Min — Max 0.42 - 0.89 0.41 - 0.87 - - -
2021 (Year 1)

Mean TE 0.701 (0.119) 0.652 (0.121) 0.049%** 5.76 0.000
Min — Max 0.48 - 0.92 0.43 - 0.88 - - -
2022 (Year 2)

Mean TE 0.756 (0.114) 0.665 (0.118) 0.091*** 10.87 0.000
Min — Max 0.51-0.94 0.44 - 0.89 - - -
2023 (Year 3)

Mean TE 0.782 (0.109) 0.678 (0.115) 0.104%** 12.93 0.000
Min — Max 0.54 - 0.96 0.46 - 0.90 - - -
Overall Change

2020-2023 +0.139 (+21.6%) +0.039 (+6.1%)  +0.100*** 11.24 0.000

Note: Standard deviations in parentheses. *** indicates significance at 1% level.
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Table 4: Difference-in-Differences Analysis of Mobile Extension Impact

Dependent Variable Technical Efficiency Total Factor Productivity Output per Hectare Input Use Efficiency
Treatment X Post 0.087*** (0.018) 0.162%** (0.024) 0.284*** (0.041) 0.123**%* (0.028)
Treatment 0.004 (0.015) 0.008 (0.019) 0.017 (0.034) 0.002 (0.023)
Post 0.039%** (0.012) 0.047*** (0.016) 0.089*** (0.028) 0.035** (0.019)
Control Variables

Farm Size 0.045*** (0.012) 0.038** (0.016) 0.072%** (0.025) 0.041** (0.018)
Education 0.008*** (0.002) 0.011*%* (0.003) 0.019*** (0.005) 0.009*** (0.003)
Experience 0.003** (0.001) 0.004** (0.002) 0.007** (0.003) 0.003* (0.002)
Irrigation 0.067*** (0.019) 0.089*** (0.025) 0.156*** (0.041) 0.078*** (0.029)
Credit Access 0.032** (0.016) 0.043** (0.021) 0.079** (0.035) 0.038** (0.025)
Zone B -0.045** (0.018) -0.058** (0.024) -0.112%** (0.039) -0.052** (0.028)
Zone C 0.078*** (0.017) 0.104**%* (0.022) 0.187*** (0.037) 0.091*** (0.026)
Constant 0.512*** (0.034) 0.418*** (0.045) 3.247*** (0.074) 0.398*** (0.052)
Model Statistics

Observations 4,992 4,992 4,992 4,992
R-squared 0.387 0.342 0.418 0.295
F-statistic 89.4%** 73.6%** 10].2%** 59.3%**

*Note: Robust standard errors clustered at farm level in parentheses. *, *, *** indicate significance at 10%, 5%, and 1% levels

respectively.

Table 5: Heterogeneous Effects of Mobile Extension on Technical Efficiency

Subgroup Coefficient Standard Error t-statistic p-value Sample Size
By Farm Size

Small Farms (<1 ha) 0.073*** 0.024 3.04 0.002 1,896
Medium Farms (1-1.5 ha) 0.094*** 0.026 3.62 0.000 1,872
Large Farms (>1.5 ha) 0.102%*** 0.031 3.29 0.001 1,224
By Education Level

Low Education (<6 years) 0.063** 0.028 2.25 0.024 1,684
Medium Education (6-12 years) 0.089%** 0.022 4.05 0.000 2,496
High Education (>12 years) 0.118*** 0.035 3.37 0.001 812
By Age Group

Young (<40 years) 0.105%*** 0.032 3.28 0.001 1,248
Middle-aged (40-55 years) 0.084*** 0.024 3.50 0.000 2,244
Elderly (>55 years) 0.071** 0.031 2.29 0.022 1,500
By Zone

Zone A (Trrigated) 0.098*** 0.025 3.92 0.000 1,664
Zone B (Rain-fed) 0.067** 0.027 2.48 0.013 1,664
Zone C (Coastal) 0.095%** 0.028 3.39 0.001 1,664
By Market Access

Good Access (<5km) 0.102%*** 0.026 3.92 0.000 2,184
Moderate Access (5-10km) 0.081*** 0.025 3.24 0.001 1,872
Poor Access (>10km) 0.059** 0.032 1.84 0.066 936
Statistical Tests

F-test (Farm Size) 2.31* 0.099

F-test (Education) 4 87*** 0.008

F-test (Age Group) 1.89 0.151

F-test (Zone) 2.94%%* 0.053

F-test (Market Access) 3.42%* 0.033

Note: All coefficients represent treatment x post interaction effects from separate DiD regressions. F-tests examine equality of

treatment effects across subgroups.
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The education premium is especially interesting because
farmers with more education get 18.8% more efficiency
gains than farmers with less education. This pattern shows
that digital literacy and human capital work well with
mobile extension services. This means that farmer
education and capacity-building programs need to be
funded at the same time (Chen et al., 2022).

The differences between zones show important agro-
ecological factors. Irrigated systems (Zone A) and coastal
plains (Zone C) both show strong responses, but rain-fed
systems (Zone B) show more moderate but still
significant benefits. This pattern probably shows that
these production systems have different levels of
complexity and risk. Irrigated systems, for example, have
more chances for precise management and technological

changes.
Our results significantly surpass the efficiency
enhancements documented in prior research on

conventional extension services. Danso-Abbeam (2022)
discovered productivity enhancements ranging from 8%
to 12% due to extension services in Ghana, whereas our
mobile  extension intervention  realised  yield
improvements of 28.4%. This differential suggests that
mobile platforms overcome key limitations of traditional
extension, particularly regarding reach, timeliness, and
content customization.

The total factor productivity gains of 16.2% align closely
with the findings of Shi et al. (2023) on agricultural
socialized services in China, supporting the broader
literature on technology-enhanced extension services.
However, our study provides more rigorous causal
identification through the difference-in-differences
approach, addressing selection bias concerns that limit
many previous studies.

The economic significance of mobile extension impacts
extends beyond individual farm benefits to broader
agricultural transformation implications. The 23.7%
efficiency improvement represents substantial resource
savings and output gains that could contribute
significantly to food security and rural income
enhancement. Assuming constant input costs, the 28.4%
yield improvement translates to approximately $240 per
hectare additional income for average farms in the
sample.

From a policy perspective, the heterogeneous effects
highlight the importance of targeting and complementary
interventions. The stronger effects among educated
farmers suggest that digital literacy programs could
enhance mobile extension effectiveness. Similarly, the
differential impacts across agro-ecological zones indicate
the need for context-specific content and delivery
mechanisms.

Despite the positive results, mobile extension
implementation faces several challenges that require
attention.  Infrastructure limitations, particularly in
remote areas, constrain service accessibility. Digital
literacy gaps among farmers, especially older and less-

13

educated farmers, limit effective utilization of mobile
platforms.

The content quality and relevance remain critical success
factors. Mobile extension services must provide timely,
location-specific, and actionable information to maintain
farmer engagement and effectiveness. The integration

with traditional extension services, rather than
replacement, appears optimal for maximizing reach and
impact.

The sustainability of mobile extension programs depends
on developing viable business models that balance service
quality with  cost-effectiveness. Public-private
partnerships offer promising approaches, leveraging
government policy support with private sector innovation
and efficiency.

Scalability requires addressing technological
infrastructure constraints and developing standardized
platforms that can be adapted across different contexts.
The positive results across diverse agro-ecological zones
suggest that mobile extension can be successfully scaled,
though context-specific adaptations remain important.

Summary of Findings

This research offers extensive empirical evidence
regarding the efficacy of mobile extension services in
improving agricultural productivity among smallholder
farmers. The research employs a rigorous difference-in-
differences methodology alongside stochastic frontier
analysis, revealing substantial positive effects across
various dimensions of productivity.

A significant finding is that mobile extension recipients
had a 23.7% increase in technical efficiency compared to
8.2% in the control group. This is an 8.7 percentage point
treatment effect. Mobile extension services led to a 28.4%
rise in output per hectare and a 16.2% rise in total factor
productivity. The technical change rate for mobile
extension users was 0.31, which was much higher than the
0.12 rate for traditional extension systems.

The stochastic frontier analysis showed that mobile
extension cuts down on technical inefficiency by 34%.
The efficiency scores for farms ranged from 0.42 to 0.96.
Recipients had an average efficiency of 0.78, while non-
recipients had an average efficiency of 0.64. The analysis
of heterogeneous effects showed that larger farms (0.102
vs. 0.073 for small farms), farmers with more education
(0.118 vs. 0.063 for low-education), and areas with better
market access (0.102 vs. 0.059 for poor access) had
stronger effects.

Conclusions

The research definitively establishes that mobile
extension services constitute a revolutionary method for
agricultural extension delivery, providing substantial
benefits compared to conventional approaches regarding
reach, efficiency, and impact. The empirical evidence
robustly supports both research hypotheses, validating
that mobile extension markedly enhances technical
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efficiency and expedites technical
participating farmers.

The size of the effects seen shows that mobile extension
can be a catalyst for change in agriculture, especially in
developing countries where traditional extension systems
are limited in terms of capacity and resources. The
technology's ability to provide personalised, timely, and
affordable advisory services solves some of the biggest
problems with traditional extension methods.

The heterogeneous effects analysis shows that mobile
extension helps all types of farmers, but the effects are
stronger when other factors like education, farm size, and
market access are also taken into account. This finding
indicates that mobile extension ought to be integrated into
holistic agricultural development strategies that
concurrently tackle various constraints.

change among

Recommendations

The research results suggest several important
recommendations for policymakers, development
practitioners, and extension service providers:

i Use national and regional programs to make
mobile extension programs bigger, taking
advantage of the proven benefits for agricultural
productivity and efficiency.

Build up the digital infrastructure so that rural
areas have reliable mobile network coverage and
internet access. This is necessary for mobile
extension to work.

Create regulatory frameworks that support
public-private partnerships in mobile extension
delivery while making sure that service quality
is high and farmers are safe.

ii.

iii.

References

Ali, K. J., Khalek, M. A., & Sarker, M. A. R. (2024).
Prediction of technical efficiency of Aman rice farms in
Satkhira District of Bangladesh: A stochastic frontier
approach. [International Journal of Statistical Sciences,
24(2), 97-108. https://doi.org/10.3329/ijss.v24i2.77995
Biswas, B., Mallick, B., Roy, A., & Sultana, Z. (2021).
Impact of agriculture extension services on technical
efficiency of rural paddy farmers in Southwest Bangladesh.
Environmental Challenges, 5, 100261.
https://doi.org/10.1016/j.envc.2021.100261

Cai, B., Shi, F., Huang, Y., & Abatechanie, M. (2022). The
impact of agricultural socialized services to promote the
farmland scale management behavior of smallholder
farmers: empirical evidence from the rice-growing region of
southern China. Sustainability, 14, 316.
https://doi.org/10.3390/su14010316

Carrer, M. J., Filho, H. M. S., Vinholis, M. M. B., &
Mozambani, C. I. (2022). Precision agriculture adoption
and technical efficiency: an analysis of sugarcane farms in
Brazil. Technological Forecasting and Social Change, 177,
121510. https://doi.org/10.1016/j.techfore.2022.121510
Chen, L., Zhang, Z., Li, H., & Zhang, X. (2023).
Maintenance skill training gives agricultural socialized
service providers more advantages. Agriculture, 13, 135.
https://doi.org/10.3390/agriculture13010135

14

Chen, T., Rizwan, M., & Abbas, A. (2022). Exploring the
role of agricultural services in production efficiency in
Chinese agriculture: a case of the socialized agricultural
service system. Land, 11, 347.
https://doi.org/10.3390/1and 11030347

Danso-Abbeam, G. (2022). Do agricultural extension
services promote adoption of soil and water conservation
practices? Evidence from northern Ghana. Journal of
Agriculture  and  Food  Research, 10, 100381.
https://doi.org/10.1016/j.jafr.2022.100381

Djuraeva, M., Bobojonov, 1., Kuhn, L., & Glauben, T.
(2023). The impact of agricultural extension type and form
on technical efficiency under transition: an empirical
assessment of wheat production in Uzbekistan. Economic
Analysis and Policy, 77, 203-221.
https://doi.org/10.1016/j.eap.2022.11.008

Endalew, B., Anteneh, A., & Tasie, K. (2022). Technical
efficiency of teff production among smallholder farmers:
Beta regression approach. European Journal of Development
Research, 34, 1076-1096. https://doi.org/10.1057/s41287-
021-00417-w

Hartati, S., & Anwar, H. (2024). Pengaruh akses digital
terhadap efisiensi ekonomi petani di era industri 4.0. Jurnal
Pertanian Digital Indonesia, 3(2), 78—-89.

Huan, M., Li, Y., Chi, L., & Zhan, S. (2022). The effects
of agricultural socialized services on sustainable agricultural
practice adoption among smallholder farmers in China.
Agronomy, 12, 2198.
https://doi.org/10.3390/agronomy 12092198

Khan, S., Shah, S. A., Ali, S., Ali, A., Almas, L. K., &
Shaheen, S. (2022). Technical efficiency and economic
analysis of rice crop in Khyber Pakhtunkhwa: A stochastic
frontier approach. Agriculture, 12(4), 503.

Li, C., Shi, Y., Khan, S. U., & Zhao, M. (2021). Research
on the impact of agricultural green production on farmers'
technical efficiency: evidence from China. Environmental
Science and Pollution Research, 28, 38535-38551.
https://doi.org/10.1007/s11356-021-13417-4

Michelson, H., Gourlay, S., Lybbert, T., & Wollburg, P.
(2023). Review: Purchased agricultural input quality and
small farms. Food Policy, 116, 102424.
https://doi.org/10.1016/j.foodpol.2023.102424

Miine, L. K., Akorsu, A. D., Boampong, O., & Bukari, S.
(2023). Drivers and intensity of adoption of digital
agricultural services by smallholder farmers in Ghana.
Heliyon, 9(12), €23023.
https://doi.org/10.1016/j.heliyon.2023.e23023

Motbaynor Workneh, W., & Kumar, R. (2023). The
technical efficiency of large-scale agricultural investment in
Northwest Ethiopia: a stochastic frontier approach. Heliyon,
9(9). https://doi.org/10.1016/j.heliyon.2023.e19572
Ngango, J., & Hong, S. (2021). Impacts of land tenure
security on yield and technical efficiency of maize farmers
in Rwanda. Land Use Policy, 107, 105488.
https://doi.org/10.1016/j.landusepol.2021.105488
Olagunju, K. O., Ogunniyi, A. 1., Oyetunde-Usman, Z.,
Omotayo, A. O., & Awotide, B. A. (2021). Does
agricultural cooperative membership impact technical
efficiency of maize production in Nigeria: An analysis
correcting for biases from observed and unobserved
attributes. PLoS One, 16(1).
https://doi.org/10.1371/journal.pone.0245426



Journal of Agriculture, Forestry and Fisheries (Volume 22 (2), 2025):

Qian, L., Lu, H., Gao, Q., & Lu, H. (2022). Household-
owned farm machinery vs. outsourced machinery services:
The impact of agricultural mechanization on the land leasing
behavior of relatively large-scale farmers in China. Land Use
Policy, 115, 106008.
https://doi.org/10.1016/j.landusepol.2022.106008

Ren, C., Zhou, X., Wang, C., Guo, Y., Diao, Y., Shen, S.,
et al. (2023). Ageing threatens sustainability of smallholder
farming in China. Nature, 616, 96-103.
https://doi.org/10.1038/s41586-023-05738-w

Rondhi, M., Suherman, S. J. H., Hensie, C. B., Ulum, S.,
Suwandari, A., Rokhani, Mori, Y., & Kondo, T. (2024).
Urbanization impacts on rice farming technical efficiency: A
comparison of irrigated and non-irrigated areas in Indonesia.
Water, 16(5), 651. https://doi.org/10.3390/w16050651

Shi, F., Cai, B., Meseretchanie, A., Geremew, B., &
Huang, Y. (2023). Agricultural socialized services to
stimulate the green production behavior of smallholder
farmers: The case of fertilization of rice production in South
China. Frontiers in Environmental Science, 11, 1169753.
https://doi.org/10.3389/fenvs.2023.1169753

Wang, Y., & Huan, M. (2023). The effects of socialized
agricultural services on rural collective action in the
irrigation commons: evidence from China. Agricultural
Water Management, 289, 108519.
https://doi.org/10.1016/j.agwat.2023.108519

Zarrin, M., & Brunner, J. O. (2023). Analyzing the
accuracy of variable returns to scale data envelopment
analysis models. European Journal of Operational
Research, 308(3), 1286-1301.
https://doi.org/10.1016/j.ejor.2022.12.015

15

Lasisi et al.



