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clining soil fertility, and market volatility. As food insecurity intensifies, especially in Sub-Sa-
haran Africa, data analytics has emerged as a transformative tool for improving agricultural
decision-making, productivity, and resilience. This paper examines the role of data analytics
in enhancing crop forecasting, optimizing resource use, improving extension services, and
designing evidence-based policies to ensure sustainable food systems. Drawing from empir-
ical studies and international development reports, the paper argues that data-driven agricul-
ture provides an effective pathway for addressing chronic food insecurity while supporting
national development strategies. This study presents four illustrative, reproducible analyses
using built-in R datasets that highlight common analytical approaches such as descriptive
statistics, regression analysis, and analysis of variance, and how their outputs can inform
agricultural decisions. The paper concludes with policy recommendations for integrating an-
alytics capacity into agricultural institutions, particularly in low and middle-income countries
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INTRODUCTION

World over, food security remains a pressing policy
and development challenge. The Food and Agriculture
Organization (FAO) estimates that tens to hundreds of
millions of people remain food-insecure, and multiple
shocks, including the recent COVID-19 pandemic, armed
conflicts, trade disruptions, and climate extremes, continue
to exacerbate the problem. Closing production gaps, crop
and variety diversification, improving distribution, and
building resilient value chains are essential, and the role
of data analytics is increasingly taking its stage as a central
toolset to accomplish these goals (FAO, SOFT).

Data analytics in agtriculture which is often called digital
agriculture, precision agriculture, or smart farming, covers
a wide spectrum: remote sensing and satellite monitoring,
in-field sensors and Internet of Things (IoT) devices, farm
management systems, supply-chain traceability platforms,
and advanced analytics (machine learning, optimization)
applied to those data streams (Wolfert, Ge, Verdouw, &
Bogaardt, 2017)(Wolfert ef a/, 2017). These technologies
promise improved decision-making, resource efficiency,
early warning for pests and diseases, and better targeting
of interventions for vulnerable populations. At the
same time, there are socio-economic, governance, and
infrastructural barriers that can limit equitable realization
of benefits.

This paper pursues three aims: (1) synthesize the
academic and policy evidence on how data analytics can
promote agricultural productivity and food security; (2)
demonstrate, with concrete R examples using built-in
datasets, how standard analytic techniques yield actionable
insights for agriculture; and (3) provide practical
for development

recommendations policy makers,

agencies, and researchers to accelerate inclusive adoption.

striving to modernize their food systems.

Conceptual framework: How analytics influences
food security

Food security is commonly understood across four
dimensions: availability, access, utilization, and stability.
Data analytics can affect each dimension through specific
mechanisms:- it is obvious that food has to be available
to humanity. For this to be realized every nation has to
know or at least be in a position to predict production and
supply within a given season or period. For this to happen
yield prediction, field-level recommendations, improved
irrigation scheduling, and optimized input use, forms
the basis for increased and effective supply. Satellite and
ground sensors provide spatially explicit data to manage
fields at sub-field resolution. (Wolfert ef a/, 2017)
Farmers on the other hand have to gain access to better
market information systems and supply-chain analytics
reduce post-harvest losses, improve price discovery, and
enhance logistics, potentially lowering consumer prices
and increasing market access for producers. Equally
consumers need to have such information to plan
and stock their foods at affordable prices. Significant
improvement has been noted in food safety as a result
of use of data analytics by enabling predictive modeling
of contamination risks and enhancing supply chain
traceability, while in nutrition, it has enabled personalized
diet recommendations and public health monitoring
Traceability and quality monitoring as informed by data
analytics enhances safer food handling and targeted
nutrition interventions (Dogho & Babatunde, 2025).
Climate change and abrupt change of weather patterns
can cause untold loses in agriculture. Various parts of the
world have had their agricultural fields being covered or
swept away during landslides and other sudden calamities

such as earthquakes. It is also never a better option
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when the rain subsides, the extreme case of prolonged
droughts threaten food stability especially where no
proper planning is in place. To have food stability and
resilience to these shocks, early warning systems driven
by climate and crop models, Geographical Information
Systems (GIS) remote sensing, and risk analytics come in
handy in not only stabilizing production and incomes but
also providing the much needed information to enable
proper proactive decision making (Yu, e al., 2025; Wang,
Akber, & Aziz, 2025).

This framework shows analytic interventions acting
across scales right from smallholder plots to national
monitoring systems and across actors such as farmers,
cooperatives, extension services, agribusinesses, and
policy makers among others.

LITERATURE REVIEW

Big data and smart farming

Wolfert ez al. (2017) provide a widely cited review on
how big data and interoperability are reshaping farm
management systems and decision workflows. Their
review emphasizes data heterogeneity, the value of
integrating sensor and enterprise datasets, and the
governance challenges of data ownership and privacy.
With current trends in population pressure and climatic
conditions that seem to undermine food production, it is
inevitable that proper planning and accurate data analysis
is necessary if production is to be stepped up to meet the
ever increasing demand. Big data analytics plays a pivotal
role in this transformation, enabling farmers to use real-
time and historical data to predict outcomes, allocate
resources effectively, and reduce risks (Lohit & Mujahid,
2022; Aissi, Benjelloun, Lakhrissi, & Ali, 2023).

Precision and digital agriculture: technologies and
evidence

Recent reviews and empirical studies document the
advances in precision agriculture that include the Global
Positioning System (GPS)-guided application, variable
rate fertilization, Unmanned Aerial Vehicle (UAV) or
satellite crop monitoring and the emerging evidence of
yield increases and input savings. However, outcomes
are context dependent and depend heavily on extension,
data literacy, and access to affordable technology. These
technological advances are playing a central role in the
transformation of agricultural practices, offering solutions
to optimize inputs, increase productivity, and mitigate
environmental impact (Soussi, Zero, Sacile, Trinchero,
& Fossa, 2025). In another dimension emergence more
sophisticated technologies such as robotics, artificial
intelligence (Al), sensors, and Internet of Things (IoT)
devices have been used to perform farming tasks with
minimal human help. This has led to what is termed as
Agricultural automation (AA). The automation aims to
enhance the sustainability, efficiency, and productivity of
farming operations. AA is a result of the revolutionary
way that Al has emerged to solve these issues and improve
agricultural processes. Al-driven apps assess the health

of the soil by analyzing data from soil samples and give
information on factors such as soil pH, moisture content,
nutrient content, and organic matter among others. This
way, if farmers incorporate the use of AA, a precision-
based, data-driven method, it would be expected that
farming would become more sustainable, productive, and
profitable as opposed to the use of traditional approaches
to agriculture (Sarker, Abdolrasol, Md, Kadir, Ahmad, &
Olazagoitia, 2025).

Remote sensing and large scale monitoring

The technology of remote sensing enables data collection,
procession, and analysis of remotely sensed data. It also
makes it possible to retrieve, synthesize, and visualize
valuable geospatial information for use in agriculture.
In particular, remote sensing technology empowers
capability for large scale field level or regional assessment
and monitoring of crop land cover, crops growth and
condition via remotely sensed data from satellite or aerial
sensofs.

The product such as Normalized Difference Vegetation
Index (NDVI), a measure used to detect and monitor
vegetation health and density using satellite or aerial
imagery. It compares the reflectance of near-infrared
light to red light. Healthy vegetation is known to reflect
strongly on infrared light while it absorbs that of red
light. The resulting index ranges from -1 to +1, with
values closer to 1 indicating dense, healthy vegetation,
and values near 0 or negative indicating non-vegetated
surfaces like water, snow, or barren ground. To determine
the wetness or dryness of a place, soil moisture proxies
are analyzed. These are measurements that estimate soil
moisture levels, especially over large areas where direct
measurement is not feasible. Common proxies include
the Topographic Witness Index (TWI)and drought
indices like the Z-index and Component Moisture Index
(CMI). TWI uses topography to predict where water
will accumulate, while drought indices are derived from
precipitation and other variables. These indices are critical
for national-level monitoring, drought early warning, and
yield forecasting. Reviews show steady improvements in
data availability (e.g, Sentinel, Landsat) and algorithms
for crop classification and area estimation, but also
highlight challenges in ground truthing and resolution
for fragmented smallholder landscapes (Yang, Wu, Di, &
Ustiindag, 2017) (Yang, Wu, Di, & Ustiindag, 2017)
Policy landscape and digital agriculture strategies
International institutions (World Bank, FAO) emphasize
the need for national digital agriculture roadmaps,
interoperability standards, and investment in connectivity
The World Bank’s Digital
Agriculture Roadmap Playbook offers practical guidance
for designing  digital
strategies in agriculture. A Digital Agriculture Roadmap

and data governance.

governments transformation
(DAR) is a strategy, investment, and implementation
plan for a country or region, intended to guide
transformation of the agriculture sector using digital
technologies. It outlines key role played by policymakers
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and funders in enabling countries to realize the benefits
of the DAR approach. These include developing and
institutionalizing DARs within national and regional
agriculture, digital, mobilizing funds for implementation,
by allocating domestic budgets and donor funds where
possible, coordinating across the ecosystem to maximize
resource efficiency and effectiveness and ensuring strong
ownership and institutional capacity to lead planning
and implementation, as well as investing in digital skills
development (World Bank, 2025).

While the literature shows strong technical promise, two
recurring barriers are: (1) unequal access and capacity
(digital divide); and (2) institutional and governance gaps
(data sharing, standards, financing). Addressing these is
essential for analytics to create equitable food-security
gains.

MATERIALS AND METHODS

Research design and analytical approach

This study adopts a mixed analytical design, combining a
systematic narrative review of literature with illustrative
quantitative analyses to demonstrate how data analytics
can inform agricultural decision-making and food
security outcomes. The methodological approach is
explanatory and demonstrative rather than inferential for
population estimation. The objective is not to generalize
from the illustrative datasets to real-world agricultural
systems, but rather to show how standard analytical
techniques commonly used in agricultural research can
generate insights that are directly relevant to productivity,
resilience, and food security planning.

Data sources and justification

The empirical illustrations in this paper rely on built-
in datasets available in base R, specifically the swiss,
CO,, and PlantGrowth datasets. These
datasets were selected deliberately for pedagogical and

Orange,

methodological clarity. They are well-documented, widely
used in statistical education and research, and allow for
transparent replication of results. Although these datasets
are not modern agricultural production datasets, they
embody core structures and relationships that are directly
analogous to real agricultural and food system data.

The

demographic conditions across French-speaking Swiss

swiss dataset represents socio-economic and
provinces in the late nineteenth century. It is used to
illustrate how regression analysis can identify socio-
economic correlates of agricultural labor dependence,
which s
transformation, rural livelihoods, and long-term food
availability.

The Orange dataset contains longitudinal measurements

relevant  for understanding  structural

of tree circumference for multiple orange trees observed
over time. This dataset is used to demonstrate growth-
curve analysis, which is conceptually analogous to crop
growth monitoring, yield development, and phenological
analysis in agticulture.

The CO, dataset provides experimental data on carbon

dioxide uptake by plants under different concentrations,
treatments, and origins. This dataset is used to illustrate
how physiological response data can be analyzed to
understand crop performance under environmental
stress, a critical concern for climate-resilient agriculture
and food stability.

The PlantGrowth dataset
measurements of  plant

contains  experimental
different

treatment conditions. It is employed to demonstrate

biomass under
experimental design analysis using one-way analysis of
variance (ANOVA) and post-hoc comparisons, which
are fundamental tools in agronomic trials evaluating

fertilizers, soil amendments, or crop management
practices.
Analytical procedures

All statistical analyses were conducted using R statistical
software (R Core Team, 2024). The analysis proceeded in
a stepwise manner aligned with common agricultural data
analytics workflows.

Descriptive statistics were first computed to summarize
central tendencies and variability within each dataset.
Graphical methods, including line plots, scatterplots,
and boxplots, were used extensively to visualize patterns,
trends, and group differences. Visualization plays a
central role in agricultural analytics by enabling intuitive
interpretation of complex data by researchers, extension
officers, and policy makers.

For multivariate relationship analysis, multiple linear
regression was applied to the swiss dataset. Agriculture,
measured as the percentage of males engaged in
agricultural labor, was modeled as a function of education,
examination performance, and infant mortality. Ordinary
Least Squares (OLS) estimation was used, and model
assumptions were evaluated through standard diagnostic
plots, including residuals versus fitted values, normal
Q-Q plots, scale—location plots, and leverage diagnostics.
These diagnostics ensure that statistical inferences
are not driven by violations of linearity, normality, or
homoscedasticity.

Growth dynamics were explored using the Orange dataset
through longitudinal visualization of tree circumference
against age. Separate growth curves were plotted for
each tree, allowing comparison of growth rates and
patterns. This approach mirrors crop growth monitoring
techniques used in precision agriculture, where repeated
measurements over time inform management decisions
such as irrigation, fertilization, or thinning.

Physiological response analysis was demonstrated using
the CO, dataset. Carbon dioxide uptake was examined
as a function of ambient CO2 concentration, plant
type, and treatment condition. Grouped line plots were
used to show differential response curves, highlighting
how environmental stressors and plant characteristics
influence productivity. This form of analysis is directly
relevant to understanding crop responses to climate
variability and elevated atmospheric COz levels.
Experimental treatment effects were evaluated using the

91
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PlantGrowth dataset. A one-way ANOVA was conducted
to test whether mean plant weights differed across
treatment groups. When the overall F-test indicated
statistically significant differences, Tukeys Honest
Significant Difference (HSD) post-hoc test was applied
to identify which specific treatment pairs differed. This
procedure reflects standard practice in agronomic field

trials where multiple treatments are compared under
controlled conditions.

Interpretation within a food security framework

Analytical results were interpreted through the lens of
the four dimensions of food security: availability, access,
utilization, and stability. Rather than focusing solely on
statistical significance, emphasis was placed on substantive
and  policy
coefficients, growth trajectories, and treatment effects

interpretation relevance.  Regression
were linked to practical agricultural questions such as
labor allocation, crop growth potential, stress tolerance,
and yield enhancement.

The illustrative nature of the analyses allows the
methodology to serve as a template for applied agricultural
analytics. Researchers and practitioners can substitute the
built-in datasets with context-specific data, such as crop
yield panels, household surveys, remote sensing imagery,
or sensor data, while maintaining the same analytical logic.

Ethical considerations and reproducibility

All data used in this study are publicly available and non-
identifiable. As such, no ethical approval was required.
Reproducibility was prioritized by relying on standard R
functions and widely available datasets. This approach
aligns with best practices in open science and supports
capacity building in low- and middle-income countries,
where access to proprietary data and software may be
limited.

Results and Discussion: Illustration of analyses
using built-in R datasets

It should be noted that the analyses use standard datasets
in R software (swiss, CO,, Orange and plantgrowth) to
demonstrate common methods. These can be replaced
or extended with domain specific datasets for example
crop yield panels, remote sensing rasters or mobile data
for applied projects (R Core Team, 2024).

Example A: Socioeconomic Predictors of Agricultural
Labor (dataset: swiss)

Table 1: Regression coefficients

In this section cross-section socio-economic data is
used to explore relationships between agricultural labor
share and proxies of development. This mimics how
policymakers might use national household or district
surveys to target agricultural support. For this study
Agriculture is taken as a dependent variable. It is thought
that engagement in labour as is required in agriculture is
affected jointly by a number of independent variables
such as education, the percentage score in examination
and perhaps state of health as may be indicated by infant
mortality. Modeling of agriculture is therefore developed
as a function of these three variables giving a multiple
regression of the form:
Y:B()+§1X1+52X2+§3X3+8
where

©)

Yis the dependent variable representing percentage of
males working in agriculture

X, is percentage of draftees who had the highest
educational achievement (primary school completion or
higher)

X, is the percentage of draftees (young men) who received
the highest grade in army physical examinations. This
variable can be used as a proxy for overall health, physical
condition, and quality of human capital in a district.

X, is the number of infants who died per 100 live births.
Infant mortality was a major demographic challenge in
the 19th century in Switzerland. High mortality tended
to occur in poorer, rural districts with limited access to
midwives or medical services

B,1s the constant term representing the outcome in
agriculture if the independent variables had no effect

B, = 1,2,3 represent the regression coefficients

¢ the error term

The

education,

fitted model evaluates whether levels of male

examination performance, and infant
mortality are associated with the percentage of males
involved in agriculture across the 47 TFrench-speaking
Swiss provinces. When the model is run in R the output
given in table 1 is obtained

In table 1 the intercept has an estimated value of 104.40,
with p <.001. B, which represents the expected value of
Agriculture when the Education, Examination and Infant
mortality are all equal to zero, is highly significant. The
firstindependent variable of Education has the coefficient
estimated at 3, = —0.7513 and p = 0.0327. It is negative

and statistically significant (p<<0.05). In other words every

Coefficients: Estimate Std. Error t value Pr(>|t])

(Intercept) 104.4029 17.5451 5.951 4.31E-07 o
Education -0.7513 0.3405 -2.207 0.03272 *
Examination -1.3698 0.411 -3.333 0.00177 ok
Infant.Mortality -1.1487 0.8097 -1.419 0.16319

NB

Signif. codes: 0 " 0.001 "+ 0.01 ™= 0.05"' 01"’ 1
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increase of one unit in education which is the proportion
of draftees with highest education results in a decrease of
the percentage employed in agriculture holding all other
predictors constant. One can therefore conclude that
the provinces with higher educational attainment tended
to have lower dependence on agriculture, consistent
with structural economic transition. Education is thus a
significant socio-economic predictor.

For the examination variable the coefficient is §, =
—1.3698, and p = 0.00177. The coefficient is negative
and highly significant (p <0.01). This implies that for
every unit increase in examination score, agricultural
employment decreases by approximately 1.37 percentage
points, when other variables are controlled. In context
the provinces with stronger academic performance had
even lower agricultural participation. This strengthens the
interpretation that human capital development correlates
with shifting away from agriculture. For the third variable,
the coefficient of Infant Mortality 8, = —1.1487, and p
= 0.1632). This coefficient is negative and not statistically
significant (p >0.05). This means that there is no
statistically reliable evidence that infant mortality predicts
variation in agricultural employment after controlling for
Education and Examination. This is how statistics can
be used to enhance decision making or making relevant
formulation of policies.

In the next section the model diagnostics are given with
plotted graphs that can help invisualizing the residuals.
Fig.1. In the graph of Residuals vs Fitted, show mild

Residuals vs Fitted @-Q Residuals
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Figure 1: Model diagnostics

nonlinearity as the residuals scatter fairly randomly. For
the Q-Q plot, the points are mostly on the line with a few
tail deviations which show mild outliers. The residuals are
close to normal and therefore acceptable. As for the Scale-
Location plot the red line is almost horizontal with a mild
increase in spread showing a slight heteroscedasticity. The
last graph is supposed to show influential observations.
Any point near or past Cook’s D lines could influence

model. In the swiss data only about two are near the line
but are not extreme.

Example B:Orange Tree Growth Curves
Orange)

We use the orange dataset to explore the tree growth

(dataset:

of oranges in terms of circumference increase of their
individual trees against their ages, expected yields as well
as the growth anomalies that may have affected the trees
under similar conditions. Fig. 2 gives the graph of the
dataset of the different tree growth rates.

From Fig. 2, the growth over time depicts an upward

200~

Tree D

circumference
thE b

00-

400 800 1200 1600
age

Figure 2: Orange tree Growth Curves

trend for all the five trees. It means circumference
increases as age increases, as would always be expected
biologically. The graph shows typical sigmoidal growth,
where trees grow rapidly initially and then slow down
as they mature. The curves do not overlap so much,
meaning the trees grow at different rates. Tree 2& Tree 4,
for instance, tend to have higher circumference values at
most ages suggesting they grow faster or become thicker
over a shorter time. Tree 1 & Tree 3 remain comparatively
lower indicating slower growth. It should be noted that
since trees were measured at the same ages, divergence
in curves reflects biological variability, not measurement
timing,

Clearly this dataset demonstrates how data analytics
helps understand growth performance. It can enhance
identification of fast-growing trees, selection of superior
varieties, monitoring of expected yields and detection of
anomalies in growth under similar conditions for possible
intervention.

Example C: Modeling plant response (dataset: CO,)

This dataset illustrates photosynthetic uptake under
varying concentrations for different plant types. They
give two types of plants of Quebec and Mississippi and
two treatments chilled and non-chilled plant treatments.
The graphs are as shown in Fig. 3

The graphs in Fig. 3 are indicative of the fact that the
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Fig 3. CO2 Uptake Curves by Plant Type and Treatment
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rising CO,concentration leads to increased uptake (a
classic saturation type of response). This demonstrates
the expected physiological response where photosynthesis
increases as more COy is available. Quebec plants tend to
display higher CO2 uptake rates compared to Mississippi
plants, especially at higher concentrations. This may be
reflective of the local adaptations to cooler climates,
leading to more efficient carbon assimilation. It is also
evident that chilled plants often show lower uptake than
non-chilled plants within each type. This indicates that
cold treatment suppresses physiological performance and
hence ends up reducing the plant’s capacity to assimilate
carbon. The curves are also rising upwards steeply at
the beginning, and then gradually flatten, showing that
photosynthesis approaches a maximum rate (Vmax),
consistent with Michaelis-Menten kinetics in plant
physiology.

Example D: Treatment
dataset:PlantGrowth)

This example presents a typical case of dataset that can

Effects on yields (The

be studied in basic experimental design and analysis

Fig. 4 Mean Plant Weight by Treatment Group

o
i

Mean Weight (grams)

IS
B

clrl it 1ri2
Treatment Group

of variance (ANOVA). It contains dry plant weights
for three treatment groups namely ctrl, trtl, and trt2.
Though the data is small, it is useful for illustrating yield
changes under different treatment conditions. This has
been used to illustrate one-way ANOVA for comparing
means across groups. Fig. 4 shows the box-plot of the
mean plant weight by treatment groups. Table 2 shows
that treatment effect is statistically significant on the yield

Table 2: One-way ANOVA to test if mean weights differ

by group
Source Df | S u m | Mean Sq | F value | Pt(>F)
Sq
group 2 3.766 | 1.8832 4.846 0.0159
*
Residuals | 27 |10.492 | 0.3886

NB: Signif. codes: 0 ***0.007 ***0.01 *°0.05 0.1 “* 1

with p = 0.0159<0.05. Further analysis was therefore
necessaty to determine which of the three treatments is
significant. For this we conducted Turkey’s post -hoc test
of multiple comparisons of means taking 95% family-
wise confidence level. The results are in Table 3. From
the output of the results presented in table 3, only one

Table 3: Turkey’s post -hoc test of multiple compatisons
of means

Group | diff Iwr upr p adj

trtl-ctel | -0.371 | -1.0622161 | 0.3202161 | 0.3908711
trt2-ctel | 0.494 | -0.1972161 | 1.1852161 | 0.1979960
tee2-trtl | 0.865 | 0.1737839 | 1.5562161 | 0.0120064

pair (trt2-trtl) is significantly different while the other
two pairs are not. It can be concluded therefore that the
plants in trt2 are significantly heavier than in trtl

Conclusion and Recommendation

From the analyses done, descriptive and regression
analyses in the first example of swiss dataset reveal
socio-economic correlates of agricultural reliance
and can inform where complementary development
investments are needed to boost productivity and access
to markets. The orange dataset demonstrate growth
curves that show temporal heterogeneity across trees.
Clustering trees by growth patterns can help to identify
groups needing similar management practices such as
irrigation or pruning regimes. This idea of clustering
can also be extended to farmers who can be grouped by
field productivity for precision recommendations. As an
analytic takeaway for agriculture, the curve analysis and
unit clustering are practical for site specific management
and for designing differentiated advisory services for
targeted, cost-effective interventions for policy making.
In the CO, dataset, the plot captures a fundamental
ecological insight. As indicated ecatlier the plant type
CO2

and environmental

stress  strongly influence
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assimilation rates, which have implications for agricultural
productivity and climate-resilient crop selection. Quebec
plants’ superior uptake suggests they may be better
suited for cooler climates or for high-CO2 environments.
Lastly the plantgrowth dataset can guide extensively on
the most promising growth-enhancing treatment on one
hand while also showing that of inhibitory effect. This
type of result is important in agricultural productivity
experiments where decision on the kind of treatments
that can increase biomass yield.

Bridging analytics and food security in practice
From insight to action: operational challenges
Despite promising analytics, practical translation faces
barriers. They include; data availability and quality where
it is true that smallholder systems often lack digitized
records; remote sensing may have difficulty in fragmented
landscapes. Infrastructure and connectivity is another case
in that rural broadband and electricity remain constraints
in many regions, limiting real-time data flows and IoT
deployments. This problem has been documented by many
World Bank reports. Further to the challenges reported,
capacity and extension is a hindrance to farmers and local
extension agents who still need training to interpret and
act on analytics. Interfaces must be designed for usability
and linguistic or cultural fit. There is also the governance
and data rights which include unclear ownership, privacy,
and commercial interests. This can inhibit data sharing
critical for public good analytics. Wolfert e al. (2017)
outline data governance concerns.

Equity and inclusion

Analytics can widen inequalities if adoption favors larger,
better-connected farms. Deliberate policies that include
subsidized access, cooperative models, and public sector
platforms are necessary to ensure smallholder inclusion.
Information need to be packaged to be all-inclusive and
suitable, to a great extent for all. It should be readily
available and suitable for those with hearing or visual
impairments as well as those of varied socio-economic
levels

Advancing food security quickly

If nations have to be food secure, they must invest in
technology that can enable eatly warning and targeted
interventions. Combining satellite indices with socio-
economic data supports rapid targeting of emergency
inputs and social protection, reducing acute food
insecurity. Post-harvest loss reduction must also be
embraced. Analytics for cold chain management and
logistics optimization reduce losses and increase effective
food availability. Another way is adopting climate smart
planning which entails integrating climate projections
with cropping systems models. This supports adaptation
and insurance design usually referred to as climate smart
agriculture

and of
course making deliberate effort to counter them while

Generally understanding these challenges

acknowledging the crucial role of data analytics in
agriculture helps in evaluation and choice of better
pathways that can boost productivity and strengthen food
security.

Policy recommendations and implementation
roadmap
1. Develop national digital agriculture roadmaps.

Governments should set interoperability standards, data
governance rules, and fund public good data platforms
to lower barriers for innovators (World Bank playbook).
2. Invest in rural connectivity and sensor networks.
Public—private partnerships can extend connectivity and
subsidize shared sensor services (soil probes, weather
stations).

3. Build data literacy and extension capacity. Train
extension workers in data-driven advisories and co-design
tools with farmers to ensure usability.

4. Support open data and platforms for smallholders.
Public datasets such as weather, soil maps, and satellite
products should be accessible; encourage interoperable
private platforms that can plug into public services.

5. Pilot blended finance for scaling analytics. Use
concessional finance and results-based instruments to de-
risk investments in digital extension and precision tech
for smallholder contexts.

6. Prioritize applications with strong food-security
payoffs. Early warning systems, post-harvest logistics,
and targeted input delivery often yield high social returns
and should be prioritized.

CONCLUSION

Data analytics is not a panacea, but when combined with
sound policy, investments in connectivity and capacity,
and attention to equity, it can be a powerful lever to raise
agricultural productivity and strengthen food security.
Translating analytics into inclusive outcomes requires
bridging technical innovation with institutional reform
and ground level engagement with farmers.

REFERENCES

Aissi, M. E., Benjelloun, S., Lakhrissi, Y., & Ali, S. E.
(2023). A Scalable Smart Farming Big Data Platform
for Real-Time and Batch Processing Based on Lambda
Architecture . Journal of Systen: and Management Sciences,
13 (2), 17-30.

Dogho, M. O., & Babatunde, I. O. (2025). Data Analytics
in Food Safety: Improving Quality Control and
Preventing Contamination . Current Journal of Applied
Science and Technology, 44 (4), 245-250.

FAO, IFAD, UNICEF, WFP & WHO. (2025). Annual
Report. The State of Food Security and Nutrition in
the World (SOFI). Food and Agriculture Organization
of the United Nations .

Lohit, V. S., & Mujahid, M. M. (2022). Big Data Analytics
in Developing Smart and Sustainable Solutions for
the Agricultural Industry 1. Technoarete Transactions on
Adpances in Data Science and Analytics, 1 (2), 1-6.




Am. . Appl. Stat. Econ. 4(1) 89-96, 2026

@oalli

R Core Team. (2024). A language and environment for
statistical computing. R Foundation for Statistical
Computing;

Sarker, M. R., Abdolrasol, M. G., Md, S. M., Kadir, R. A.,
Ahmad, M. N., & Olazagoitia, J. I.. (2025, September).
Advancing  Agriculture  Automation  Systems:
Technological Innovations, Possible Applications,
Challenges, and Recommendations. Advances in
Agriculture , 1-33.

Soussi, A., Zero, E., Sacile, R., Trinchero, D., & Fossa, M.
(2025). Smart Sensors and Smart Data for Precision
Agriculture: A Review. Sensors, 1-32.

Wang, Z., Akber, M. A., & Aziz, A. A. (2025, August
14). Application of Remote Sensing and Geographic
Information Systems for Monitoring and Managing
Chili Crops: A Systematic Review. Remote Sensing ,

1-23.

Wolfert, S., Ge, L., Verdouw, C., & Bogaardt, M.-]. (2017).
Big Data in Smart Farming — A review. Agricultural
Systems, 153, 69-80.

World Bank. (2025). Digital Agriculture RoaPlaybook
and technical guidance for national digital agriculture
strategies.

Yang, Z., Wu, W,, Di, L., & Ustiindag, B. (2017). Remote
sensing for agricultural applications. ournal of Integrative
Agriculture 2017, 16(2): 239-241, 16 (2), 239-241.

Yu, L., Du, Z. L., Zheng, J., Zhao, Q., Wu, H., Weise, D,,
et al. (2025). Enhancing global agricultural monitoring
system forclimate-smart agriculture. Climate Smart
Agriculture, 2, 1-10.




