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Abstract

This study investigates the impact of internet use on chili farmers’ performance and the gender
yield gap in Indonesia, utilizing nationally representative data from the 2018 Horticulture Cost
Structure Survey. Employing OLS, Propensity Score Matching (PSM), Multidimensional
Distance Matching (MDM), and Inverse Probability Weighted Regression (IPWRA), the results
show that internet use significantly increases yield (0.78-1.39 tons/ha) and improves technical
efficiency. Importantly, the study finds that digital engagement is not homogeneous; farmers
who "bundle™ informational and transactional uses—combining cultivation data with both input
and output e-commerce—achieved the highest gains. Conversely, a clear gender gap in
adoption exists, explaining a meaningful share of the yield differential. These findings suggest
that policy must shift from providing basic digital access to fostering integrated digital
ecosystems. To maximize productivity and bridge gender inequalities, interventions should
prioritize "all-in-one" platforms and targeted training that move farmers beyond simple
information-seeking toward multifaceted, high-intensity digital integration.
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1. Introduction
Chili is a strategic agricultural commodity in Indonesia, driven by widespread culinary
preferences for spicy food (1, 2, 3, 4). Despite seasonal supply fluctuations, persistent high
demand throughout the year makes chili production essential for food price stability (5). Indeed,
chili price volatility remains a significant contributor to food inflation in the country (1).
Improving chili farmers’ performance, particularly in terms of yield and technical efficiency,
is therefore both an economic and a food security priority. Digital technologies, especially
internet use, offer promising tools to reduce inefficiencies by enhancing farmers’ access to
information, markets, and innovations (6, 7, 8, 9, 10, 11). Studies from countries such as China,
Vietnam, and Pakistan suggest that internet adoption can improve technical efficiency through
better resource allocation, risk management, and the uptake of modern inputs (7, 12, 13).
However, evidence on the impact of internet use for agricultural purposes among Indonesian
chili farmers is limited. Most existing studies focus on general agriculture or staple crops like
rice (14, 15, 16) and often fail to distinguish between general internet access and its specific
use in agriculture. This distinction is critical, as evidenced in China, where not all farmers with
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internet access utilize it for agricultural purposes (12). Moreover, emerging evidence suggests
that different types and intensities of digital use may generate heterogeneous productivity
effects (17, 18). Failure to capture this—as well as the specific digital skills required for
different tasks—may therefore attenuate estimated effects and weaken policy relevance (19,
20). The existing studies also often lacked robust methodological approaches to address
selection bias, as in Kadir and Prasetyo and Ruslan (14, 15).

Internet adoption is influenced by socio-demographic factors such as age, education, and
household composition (21, 22). Gender also plays a significant role: female farmers in
Indonesia are less likely to adopt digital tools and face greater barriers to digital inclusion (23,
24, 25, 26). These disparities have implications for productivity. For instance, Ruslan and
Prasetyo (27) found that differential internet adoption helps explain the gender yield gap among
paddy farmers, a pattern that may extend to chili farming. However, to the best of our
knowledge, no study on this area for chili farming has been conducted.

This study addresses these gaps by using nationally representative data from the 2018
Horticulture Cost Structure Survey (SOUH 2018) and robust econometric methods to control
for self-selection. It seeks to answer two key questions: (1) Does internet use for agriculture
improve chili farmers’ yield and technical efficiency in Indonesia? (2) Is there a gender gap in
chili productivity, and to what extent do gendered differences in internet use drive it?

This study contributes to the literature in three ways. First, it provides the first nationally
representative evidence on internet use in chili farming in Indonesia. Second, it moves beyond
binary adoption by examining heterogeneous impacts across levels of digital engagement.
Third, it integrates productivity analysis with gender decomposition to assess how digital
divides contribute to yield inequality. The rest of the paper proceeds as follows. Section 2
describes the study’s methodology. Section 3 reports and discusses the empirical results, and
Section 4 offers concluding remarks, policy recommendations, and the limitations of this study.

2. Methodology

2.1 Data

This study draws on microdata from the nationally representative SOUH 2018 by Statistics
Indonesia, the most recent dataset detailing input use, cost structure, farm characteristics, and
farmer demographics. The survey enables analysis of farm-level performance through yield and
technical efficiency metrics. The analysis includes 15,320 chili farmers, with sampling weights
applied to ensure national representativeness. Among the total samples, 1,111 samples are
internet users and 14,209 samples are non-users. Variable definitions are provided in Table 1.

Table 1. Description of Research Variables

No. Variables Description Mean S.D.

1.  Yield The last harvest in the form of fresh 4.8278 6.1694
chili, expressed in tons/ha.

2. Harvested area  The area of the last harvest in hectares 0.1953 0.2131

3. Gender Male (ref. = 0), female (= 1). 0.9727 0.2964

4.  Age Age of farmers in years. 47.0018 11.6777

5.  Education Level The level of education completed: no 1.4208 0.5440

education or only completing primary
school (ref. = 0), completing high
school (junior or senior) (=1), and
completing a university degree (= 2).
6. Positioninthe  Non-household head (ref. = 0); 0.9350 0.2466
household household head (= 1).



No. Variables Description Mean S.D.

7. Number of At least two (ref. = 0) and more than 1.2639 0.8266
farmers in the two (= 1).
household
8.  Farmscale Less than 2 ha/small scale (ref. 0.0005 0.0228
category = 0), more than 2 ha (= 1).
9.  Land ownership Non-owner (ref. = 0), owner (= 1). 0.9422 0.2333
10. Fertilizer use Fertilizer used in the last harvest 1.7038 3.7428
(ton/ha).
11. Seed use Seed used in the last harvest (gr/ha). 247.8440 1,536.3904
12. Pesticide use Pesticide used in the last harvest 2.7886 6.4944
(kg/ha).
13. Labour use Labour used in the last harvest (man-  186.9624 278.4316
day/ha).
14. Mulch plastic Mulch plastic used in the last harvest 634.694 1,419.639
(m/ha).
15. Partnership or Not having a contract (ref. = 0) and 0.0133 0.1144
contract having a contract (= 1).
16. Extension Not having access (ref. = 0) and 0.1513 0.3584
services having access (= 1).
17. Access to credit Not having access (ref.= 0) and having 0.0686 0.2528
access (= 1).
18. Certified seed Users (ref. = 0), non-users (= 1). 0.4316 0.4953
19. Mobile phone Users (ref. = 0), non-users (= 1). 0.3993 0.4898
use
20. Internet use Non-user (ref. = 0) and user (= 1). 0.0725 0.2594
21. Chile variety Small (ref. = 0), big (= 1). 0.4785 0.4996
22. Regional Outside Jawa (ref. = 0), Jawa (= 1). 0.2005 0.4004
Dummy

Note: S.D. refers to standard deviation; ref. refers to the reference category.

2.2 Empirical Strategy
In estimating the technical efficiency (TE) of chili crop cultivation, we applied a well-known
stochastic analysis frontier (SAF) (28, 29), specifically, the trans-log production function is

In(Y;) = Bo + Xi=1 B In(Xy) + %leczl BrrIn(Xy)?* + %Z?:l Yi-1Bjk ln(Xij)ln(Xik) +

v — U )
where the subscript i denotes the ith chili farmer, the subscripts k and j both are factor indices,
Y; denotes the yield of the ith chili farmer, X, or X;; denotes the input of factor j or k of farmer

I, v; denotes the random error term, and u; denotes the non-negative random errors related to
inefficiency. We use five input factors, including labour, fertilizer, seedings, pesticide, and
mulch plastic. Land input and its interaction were not included as explanatory variables since
all input factors are measured at the per unit of land. The TE was calculated using

TE =e™ 2)

To analyse the impact of internet adoption on chili farmers' yield and technical efficiency,
we apply multiple methods for assessment to obtain a robust result. First, following (30), we
estimate the OLS benchmark model as follows

Pi=yo+viDi+2viXij t& (3)



where P; denotes the performance of the ith chili farmer measured in yield and technical
efficiency, D; € {0,1} denotes a dummy variable indicating whether the chili farmer i adopt
internet for agricultural purposes or not, X;; denotes the j control variables (farmer socio-
demographic characteristic and farm characteristics) of the ith chili farmer, y, denotes the
intercept of the model, y, the regression coefficient of the internet adoption, and &; denotes the
error term.

Equation (3) was estimated separately for yield and technical efficiency. Since yield is log-
transformed, the coefficient y; reflects the average percentage difference in yield between
internet adopters and non-adopters, holding other variables constant. Following Halvorsen and
Palmquist (31), the impact estimation is corrected using (et — 1) x 100%. Farmers are
defined as adopters if they self-reported using the internet in the last 12 months for at least one
agricultural purpose: accessing price or cultivation information, purchasing inputs, or selling
produced agricultural products.

To capture the heterogeneous impacts of different levels of digital engagement, we extend
our analysis beyond a binary adoption indicator. Following the logic that the benefits of digital
technology may scale with the sophistication or frequency of use, we specify an ordinal
treatment variable, D?™. This variable categorizes internet use into discrete levels (e.g., 0= No
use, 1 = searching information or single e-commerce activity, 2 = searching information
combined with purchasing inputs or selling agricultural products, and 3 = multiple use-
information and e-commerce). We estimate this relationship using an OLS model:

Pi = 0o + Y=t 0, 1(D{ = k) + X v X + & (4)

where 1(Df™® = k) is an indicator (dummy) variable for each level k of the ordinal internet
adoption scale, with "No use" (k=0) serving as the reference category and 6, represents the
incremental impact of reaching adoption level k relative to non-adopters.

While OLS estimates provide initial evidence of a positive association between internet use
and farm performance, they may suffer from methodological limitations, most notably selection
bias. Internet adopters may differ systematically from non-adopters in observable traits (e.qg.,
education or access to extension services), which can confound results. To address these issues,
we also apply multiple econometric methods aimed at mitigating selection bias due to observed
confounders. Following Rosenbaum & Rubin (32), Propensity Score Matching (PSM) was
employed to pair adopters with non-adopters based on similar observable characteristics, using
propensity scores estimated via a probit model (Equation 5).

p(X;) =pr(D; = 1] X;) ()

where X; denotes observable characteristics influencing the decision of a farmer to use the
internet for agricultural purposes or not. To have robust pairing outcomes, we employed two
matching algorithms, which are Nearest-neighbour matching (n = 5) combined with Caliper or
radius matching (threshold = 0.005) and Kernel matching. Based on the matching results, the
impact of internet adoption on yield and technical efficiency was estimated by computing the
Average Treatment Effect (ATE) and Average Treatment Effects on the Treated (ATT). ATE
shows the average productivity and efficiency gains the chili farmers could achieve if all of
them used the internet for agricultural purposes, while ATT measures the gains in the user group
with or without internet adoption. The two are estimated using

ATE = E(Yy, (X)) — E(Yo,l p(X)) (6)
ATT = E(Yy,|D; = 1,p(X))) — E(Yo,ID; = 1,p(X))) (7

where Y;; is the yield or technical efficiency score of chili farmers for internet users and vice
versa, Y, is the yield or technical efficiency score of chili farmers for non-users. To address



limitations of propensity score—based methods, we also employed Multivariate Distance
Matching (MDM) using the Mahalanobis Kernel algorithm. MDM mitigates issues such as
model misspecification in propensity score estimation, loss of information from collapsing
high-dimensional covariates into a single score, and poor covariate balance. Unlike PSM, MDM
directly matches on multiple covariates, offering greater flexibility and transparency, especially
when treatment assignment is influenced by complex or nonlinear relationships (33, 34, 35).

Given the substantial imbalance in the sample, where internet adopters are notably fewer
than non-adopters, we further applied Inverse Probability Weighted Regression (IPWR) to
estimate ATE and ATT. Unlike PSM and MDM, which may exclude unmatched units and thus
reduce statistical power, IPWR retains the full sample by reweighting observations based on
treatment probabilities (36, 37, 38). It integrates the inverse probability weights into a
regression framework, which is estimated in Equation (3), to account for the non-random
selection into treatment while modeling the outcome, provided that either the matching model
or the outcome regression model is correctly specified (double robustness property) (39, 40).

A statistically significant coefficient on gender in Equation (3) indicates yield differences
between male and female farmers, controlling for other factors. To further explore the role of
internet adoption in explaining this gap, we employ the Blinder-Oaxaca decomposition method
(41, 42) to separate the observed yield gap into two components: an explained component,
attributable to differences in observable characteristics, including internet use, and an
unexplained component, reflecting differences in returns to those characteristics or unobserved
factors. The procedure involves estimating Equation (3) separately for male and female farmers
and decomposing the mean yield difference accordingly.

We designate the two groups of farmers based on gender, labelling female farmers as group
F and male farmers as group M. The mean yield difference to be decomposed corresponds to
the difference in average yields between these two groups, denoted as Y;, for male farmers and
Y. for female farmers. Following Jann (43), we applied Equation (8) for the decomposition.

AY = Xy — X5)' B + Xp(Bu — Br) (8)
The first term on the right-hand side represents the explained component of the yield gap,
and the second term captures the unexplained component, commonly interpreted as structural

factors or potential discrimination (44, 43). Following Neumark (45), we applied the pool
coefficient vector for each group.

3. Results and Discussion

3.1 Internet Adoption Impact on Yield and Technical Efficiency

The empirical findings strongly support the theoretical and empirical arguments outlined in the
Introduction that digital technologies enhance agricultural productivity through improved
information access, market participation, and input optimization (6, 7, 9, 10, 11). The higher
mean yield and technical efficiency observed among internet adopters are consistent with
evidence from Vietnam and China, where internet use improved farm productivity by
facilitating better production planning and market integration (12, 10).

The average yield difference of 1.79 tons/ha between users and non-users in Table 2 aligns
with prior findings that digital connectivity reduces information asymmetries and enhances
farmers’ responsiveness to price signals and agronomic advice (9, 11). In the Indonesian
context—where chili price volatility significantly contributes to food inflation (1, 5)—the
ability to access real-time market information likely enables farmers to better time harvests and
marketing decisions, thereby stabilizing income and improving output performance.



Table 2. Mean of Yield and Technical Efficiency Score by Internet Use

Variables User Non-user Total Difference
Yield (ton/ha) 6.5601 4.7709 4.8907 1.7892***
Technical efficiency 0.6433 0.6002 0.6031 0.0431***

Note: Number of observations is 15,320 farmers; sampling weights were applied; ***p<0.01, **p<0.05, *p<0.1

The technical efficiency gains observed in the stochastic frontier analysis are also consistent
with studies showing that internet use improves allocative efficiency and resource management
(7, 13). The relatively low national average efficiency score (0.603) suggests substantial scope
for improvement, echoing Batiese’s (28) argument that inefficiency in agriculture often stems
from imperfect information and suboptimal input combinations. Internet adoption appears to
partially close this information gap.

The estimation results of the SPF model presented in Table 3 indicate that several input
variables significantly influence production efficiency. Fertilizer and mulch show positive and
statistically significant first-order effects, underscoring their critical roles in enhancing
productivity. In contrast, seed, labour, and pesticide exhibit negative and significant
coefficients, suggesting potential overuse or inefficiencies in their application. Importantly, the
nonlinearities and significant interaction terms in the production function reinforce the idea that
digital technologies do not operate in isolation but interact with complementary inputs such as
fertilizer, mulch, and labor. This complements the findings of Zheng et al. (11), who
demonstrate that internet use promotes improved technology adoption, thereby enhancing
productivity indirectly through input complementarities.

Table 3. SPF Model Estimation

Variables SPF Models
Ln(Seedlings) -0.0583***
(0.0172)
Ln(Fertilizers) 0.0417**
(0.0174)
Ln(Pesticides) -0.0191**
(0.0083)
Ln(Mulch) 0.1487***
(0.0129)
Ln(Labours) -0.2104***
(0.0719)
Input interactions yes (sig.)
Quadratic terms yes (sig.)
Constant 1.3765***
(0.1646)
Ow) -0.5868**
(0.2646)
O(v) -0.7957***
(0.1430)
Number of Observations 15,320

Note: Half normal distribution and sampling weights were applied; ***p<0.01, **p<0.05, *p<0.1

To examine distributional differences, a kernel density analysis of log-transformed yield and
technical efficiency was conducted for chili farmers who use the internet and those who do not.
Figure 1 shows a clear rightward shift in the yield distribution among internet users, indicating
higher average yields compared to non-users. The distribution for users is also more
concentrated, suggesting more consistent performance. In contrast, non-users display a broader



distribution with a longer left tail, reflecting greater variability and more frequent low-yield
outcomes—potentially linked to limited access to timely information, weaker market signals,
and suboptimal input use.

Figure 1. Kernel Density of Chili Yield Figure 2. Kernel Density of Technical
Distribution by Internet Adoption Efficiency by Internet Adoption

Figure 2 presents a similar pattern for technical efficiency. The distribution for users is
shifted to the right, with a more concentrated peak, indicating higher and more consistent
efficiency levels. Non-users exhibit a wider spread and a longer left tail, suggesting more
frequent low-efficiency outcomes. Overall, both the mean comparisons and graphical evidence
provide strong preliminary support for a positive association between internet adoption and
higher, more stable yields and technical efficiency.

Table 4. OLS Estimates of the Impact of Internet Use on Farmers’ Performance

Variables Yield Technical efficiency
Base model Full model Base model  Full model
Internet use (user) 0.4190*** 0.2410***  0.0431***  (0.0299***
(0.1116) (0.0789) (0.0109) (0.0106)
Gender (Female) - -0.1329** - -0.0065
- (0.0631) - (0.0103)
Inputs - yes (sig.) - -
Other control variables - yes - yes
Constant 1.1488*** -0.5963**  0.6002***  (0.5051***
(0.0575) (0.2449) (0.0068) (0.0224)
Number of observations 15,320 15,320 15,320 15,320
Adjusted R-squared 0.0130 0.2305 0.0079 0.0545

Note: Robust standard errors in parentheses; ***p<0.01, **p<0.05, *p<0.1; sampling weights were applied.

The regression results in Table 4 align with the descriptive evidence from the kernel density
distributions of log-transformed yield and technical efficiency by internet use. In the baseline
model, internet adoption is associated with a statistically significant 52.04 percent
[(e%419 — 1) x 100] increase in vyield. After controlling for socioeconomic and farm
characteristics, the effect remains robust at 27.25 percent. Internet use also has a positive and
statistically significant impact on technical efficiency, increasing scores by up to 0.03 points
after adjustments. These findings support the view that internet access enhances farmers’ ability
to obtain agronomic information, access input markets, and improve decision-making, leading
to more efficient resource allocation.

The OLS results further confirm a persistent gender yield gap. Even after controlling for
observable characteristics, female farmers have approximately 12.44 percent lower yields than
male farmers. Significant effects of complementary inputs—such as fertilizer, labor, certified
seeds, and education—indicate that internet use operates synergistically with these factors.



Farmers with digital access are better positioned to adopt improved practices and optimize input
use, consistent with the observed tighter yield distribution among internet users.

The dose-response relationship identified in Table 5 further extends the literature by
demonstrating that productivity gains scale with the intensity and diversity of digital
engagement. This finding supports recent evidence that heterogeneous forms of digital adoption
generate differentiated productivity outcomes (17, 18). Farmers who combine informational
and transactional wuses (“digital bundling”) achieve the highest gains, suggesting
complementarity effects between knowledge acquisition and market participation.

This result also resonates with the digital literacy argument advanced by Xu et al. (20), who
emphasize that the effectiveness of digital technologies depends not merely on access but on
the ability to integrate multiple digital functions into farm management. Farmers engaging only
in basic information searches may face information overload or limited absorptive capacity, as
discussed by Eppler and Mengis (19), potentially explaining why the largest productivity gains
accrue to high-intensity users capable of translating information into commercial transactions.

Table 5. OLS Estimates of the Impact of Internet Use Intensity on Farmers’ Performance
Variables Yield Technical efficiency
Intensity of Internet Use
Information or a single e-commerce

activity only 0.162** 0.022*
(0.078) (0.012)

Combined with purchasing or selling 0.208*** 0.018
(0.077) (0.011)

Multiple use 0.416*** 0.079***
(0.085) (0.015)

Other control variables yes yes
Constant -0.792%*** 0.424***
(0.229) (0.035)

Number of observations 15,320 15,320
Adjusted R-squared 0.288 0.106

Note: Robust standard errors in parentheses; ***p<0.01, **p<0.05, *p<0.1; sampling weights were applied.

The robustness checks using PSM, MDM, and IPWRA in Table 6 confirm that the impact
of adoption on production outcomes is not merely driven by observable selection bias. The
consistency of ATE and ATT estimates across matching algorithms supports the argument of
Rosenbaum and Rubin (32) that credible causal inference in observational settings requires
balancing covariates between treated and control groups. The slightly larger effects observed
under MDM and IPWRA are consistent with concerns raised by King and Nielsen (34)
regarding potential inefficiencies in standard PSM.

Overall, the findings reinforce cross-country evidence that internet adoption improves
agricultural productivity (6, 12, 13), while contributing novel evidence from Indonesia’s chili
farming, which has been underexplored relative to rice (14, 15).

Table 6. Impact of Internet Adoption on Farmers’ Performance

Yield (ton/ha) Technical Efficiency
Method ATE ATT ATE ATT
PSM
- Nearest-Neighbour (5) with Calliper 0.8398***  1,1274*** 0.0056 0.0150***
(0.005)
- Kernel 0.7815***  1.0519*** 0.0055 0.0119**

MDM 1.3921*** 1.2749*** 0.0176*** 0.0167***



IPWRA 0.8360*** 1.3220*** 0.0292*** 0.0283***

Note: ***p<0.01, **p<0.05. Sampling weights were used in estimation. Kernel matching for PSM and MDM
applied bootstrapping (2,000 iterations). Robust standard errors were applied when employing IPWRA.

3.2 Internet adoption and gender yield gap

As shown in Table 7, the results also confirm the presence of a statistically significant gender
yield gap among chili farmers, consistent with broader agricultural evidence highlighting
gender-based productivity disparities (44). The Blinder—Oaxaca decomposition reveals that
more than one-third of the gap is attributable to differences in observable characteristics,
including internet adoption.

The positive and significant contribution of internet use in the explained component supports
prior findings that differential technology adoption contributes to gender-based productivity
gaps (27). Given documented disparities in digital literacy and access among women farmers
(23, 24, 25), the lower adoption rates observed among female chili farmers likely constrain their
ability to benefit from market information, extension services, and e-commerce opportunities.

This pattern aligns with evidence from Sub-Saharan Africa and South Asia showing that
women face structural constraints—including limited asset ownership, restricted mobility, and
weaker institutional linkages—that reduce both adoption rates and returns to digital
technologies (24, 26). The fact that 63.26 percent of the yield gap remains unexplained suggests
that structural and institutional factors continue to shape differential returns, consistent with
decomposition studies in other agricultural contexts (44).

Importantly, the finding that internet adoption explains 5.52 percent of the total yield gap
indicates that digital inclusion policies could function as gender-equalizing mechanisms.
However, consistent with the literature on digital divides (20, 24), access alone is insufficient;
interventions must address digital skills, control over productive resources, and intra-household
decision-making dynamics. Thus, the results position digital agriculture not only as a
productivity-enhancing innovation but also as a potential instrument for inclusive rural
development—provided that policy design explicitly integrates gender-sensitive strategies.

Table 7. Blinder-Oaxaca Decomposition of Gender Yield Differential
Pooled coefficient

1. Gender differential

Mean male log(chili yield) 1.1989***
(0.0190)
Mean female log(chili yield) 0.9888***
(0.0551)
Log(chili yield) difference 0.2101***
(0.0583)
2. Aggregate decomposition Endowment Structural
Total 0.0772*** 0.1329**
(0.0235) (0.0546)
Share of the total gap (%) 36.74 63.26
3. Detailed decomposition
Internet 0.0116*** 0.0009
(0.0037) (0.0055)
Other characteristics yes yes
Constant - -0.6104
(0.7174)

Note: Robust standard errors in parentheses (clustered at subdistrict level); ***p<0.01, **p<0.05,
*p<0.1; sampling weights were applied.



4. Conclusion, policy implications, and limitations

This study makes a substantive contribution to the digital agriculture literature by providing
nationally representative evidence on the productivity effects of internet adoption among chili
farmers in Indonesia. Using rigorous identification strategies—including PSM, MDM, and
IPWRA—the analysis shows that internet use for agricultural purposes increases yield by 0.78—
1.39 tons per hectare and improves technical efficiency by up to three percentage points. These
gains are statistically significant and economically meaningful, particularly for a high-value
and price-sensitive commodity such as chili.

Beyond documenting an average treatment effect, the study shows that digital engagement
is heterogeneous. Productivity gains are driven not only by access but by the depth and diversity
of digital use. Farmers who bundle informational functions (e.g., cultivation and price
information) with transactional activities (input procurement and output marketing) achieve the
largest improvements in yield and efficiency. This complementarity suggests that digital
technologies function as integrated production systems rather than isolated tools. In other
words, the returns to internet adoption depend on how comprehensively it is embedded into
farm management decisions.

Kernel density analysis further indicates that internet adoption reduces yield dispersion,
implying not only higher average productivity but also more stable performance. This is
particularly relevant in chili production, where volatility and risk exposure are substantial.
Improved access to timely information and markets likely enhances decision-making, reduces
input misallocation, and mitigates downside production risk.

The study also identifies persistent gender disparities. Female farmers are significantly less
likely to adopt internet-based tools and record lower yields than male farmers. Blinder—Oaxaca
decomposition shows that a meaningful share of the gender yield gap is explained by
differences in digital access, education, input use, and institutional support, although a
substantial unexplained component remains, pointing to deeper structural constraints. These
findings underscore that digital transformation in agriculture is not gender-neutral.

Policy implications are clear. Expanding rural internet infrastructure and strengthening
digital literacy—especially for women—can enhance productivity and contribute to food price
stability. However, policies should move beyond a narrow focus on connectivity toward
improving the quality and intensity of digital engagement. Rather than promoting fragmented
applications, governments and development agencies should support interoperable “all-in-one”
platforms that combine agronomic information with e-commerce for input and output markets.
Extension services should also move beyond basic digital awareness toward advanced
integration training, particularly for farmers at the information-only stage.

Despite its contributions, this study has limitations. Reliance on self-reported input data may
introduce measurement error, and the cross-sectional nature of the 2018 SOUH dataset limits
analysis of long-term dynamics. Although matching and weighting techniques mitigate
observable selection bias, unobserved factors—such as entrepreneurial ability and digital
literacy—may still influence results. Finally, measuring internet adoption as a binary indicator
masks differences in usage intensity, suggesting the need for panel data and more granular
measures in future research.
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