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Abstract

Al-supported agricultural information systems have emerged as critical tools for improving crop yield forecasting
and strengthening food price monitoring in modern agricultural economies. This study investigated the
effectiveness of artificial intelligence-driven predictive analytics in enhancing national yield forecasting accuracy
and examining its relationship with food price stability in the United States. A quantitative longitudinal design
was applied using integrated datasets consisting of historical crop yield records, climatic indicators, satellite-
derived vegetation indices, and national food price series. Machine learning models including Random Forest,
Gradient Boosting, and Support Vector Regression were compared with conventional regression-based
forecasting models. The analysis incorporated cross-validation and out-of-sample testing to evaluate predictive
reliability and model generalization across multiple production seasons. The findings demonstrated that Al-
supported forecasting models significantly outperformed traditional statistical approaches. Regression models
produced prediction errors ranging between 4.0% and 5.0% across the analyzed years, whereas machine learning
models reduced prediction errors to approximately 1.1%-1.2%, indicating a substantial improvement in
forecasting precision. Model comparison results showed that Gradient Boosting achieved the highest predictive
performance with an R? value of 0.88 and the lowest root mean square error (RMSE) of 4.02 compared with 6.84
in linear regression models. Environmental predictors played a critical role in forecasting performance, with
satellite-derived vegetation indices demonstrating the strongest standardized effect size (f = 0.47, p < 0.001),
followed by rainfall variability (f = 0.32, p < 0.001) and temperature variability (f = 0.21, p < 0.05). Regional
analysis further indicated that Al-based forecasting systems improved predictive accuracy by approximately
25%-34% across major agricultural regions, with the largest gains observed in the Midwest and Great Plains.
In addition to improving yield prediction, the results revealed measurable statistical relationships between
predicted crop supply levels and food price dynamics. Years with reduced crop supply indices, such as 2019 and
2022, corresponded with higher food price volatility scores of 0.29 and 0.31 respectively, whereas years with
higher predicted supply exhibited lower volatility levels near 0.19-0.22. These findings indicate that Al-supported
agricultural intelligence systems can provide early signals of supply fluctuations that influence commodity
market behavior. Overall, the study demonstrates that integrating machine learning algorithms, remote sensing
technologies, and large-scale agricultural datasets significantly improves the predictive capacity of national
agricultural monitoring systems while providing valuable insights into the interaction between agricultural
production variability and food price stability.
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INTRODUCTION

Agricultural information systems represent organized frameworks designed to collect, store, process,
and disseminate data related to agricultural production, environmental conditions, market dynamics,
and policy environments. These systems integrate multiple forms of agricultural knowledge and
operational data to support decision making across farming, supply chain management, and food
policy administration (Nimmagadda et al., 2019). The concept emerged from the broader field of
agricultural informatics, which focuses on applying information technologies to agricultural planning
and management activities. Within modern agricultural systems, digital data infrastructures capture
information from crop monitoring, weather observations, soil sensors, satellite imagery, and market
transactions. Artificial intelligence expands the analytical capabilities of these infrastructures by
enabling computational models that detect patterns within large agricultural datasets and transform
raw information into predictive insights about crop yields, production variability, and market
conditions. Al-supported agricultural information systems therefore function as integrated platforms
that combine machine learning algorithms, remote sensing data, and agricultural databases to generate
analytical outputs relevant to national agricultural management and food system governance. Artificial
intelligence refers to computational techniques that simulate aspects of human reasoning, learning, and
pattern recognition through algorithms capable of processing complex datasets. Within agriculture, Al
applications include crop classification through image recognition, yield prediction through machine
learning regression models, climate risk modeling, and optimization of agricultural inputs such as
irrigation and fertilizer (Gangwar et al., 2019). Agricultural information systems enhanced with Al
therefore move beyond traditional statistical reporting frameworks by incorporating predictive
modeling tools that analyze real-time and historical agricultural data simultaneously. Such systems are
frequently integrated with geographic information systems, remote sensing technologies, and big data
analytics infrastructures that facilitate spatial and temporal monitoring of crop production across large
geographic areas. The integration of Al within agricultural information systems reflects broader
developments in digital agriculture and smart farming. Digital agriculture refers to the use of advanced
information technologies, sensors, and computational analytics to monitor and manage agricultural
processes with greater precision and efficiency. Al-supported agricultural information systems
contribute to this digital ecosystem by serving as centralized platforms that synthesize agricultural data
collected across farms, research institutions, government agencies, and market organizations
(Tummers et al., 2021). Through these integrated data architectures, agricultural decision makers gain
access to structured information on crop conditions, production levels, and market supply dynamics.
These capabilities create an analytical environment where agricultural production data can be
systematically transformed into predictive models that support national agricultural planning and food
system monitoring.

Agricultural information systems occupy a central role within the global governance of food
production and food security. International agricultural organizations and national governments rely
on structured agricultural datasets to monitor crop production, evaluate food supply availability, and
assess the stability of food markets across regions (Demestichas & Daskalakis, 2020). The global food
system operates through complex interactions among climate conditions, agricultural production
patterns, international trade networks, and consumer demand. Information systems provide the
analytical infrastructure necessary to interpret these interactions by transforming agricultural
observations into organized statistical knowledge that supports policy planning and resource
allocation. Agricultural monitoring programs implemented by national governments and international
organizations rely heavily on digital information systems that track crop growth, yield performance,
and agricultural market indicators across large geographic areas. The significance of agricultural data
infrastructures has increased substantially with the expansion of global agricultural trade and the rising
complexity of food supply chains. Crop production in one geographic region can influence food
availability and commodity prices across distant markets through interconnected trade networks.
Reliable information on crop yields and production forecasts therefore contributes to global market
transparency by enabling governments and market participants to anticipate supply fluctuations and
adjust trade strategies accordingly (Gardeazabal et al., 2023). Agricultural information systems provide

537



International Journal of Scientific Interdisciplinary Research, June 2025, 536-575

the statistical foundation for these assessments by aggregating production data from farms, regional
agricultural agencies, and satellite monitoring programs. Global agricultural monitoring initiatives
illustrate the importance of integrated data systems in supporting international food security. Satellite-
based crop monitoring platforms, climate observation networks, and digital agricultural databases
collectively contribute to a comprehensive view of global agricultural productivity. These systems
generate continuous streams of agricultural data that enable analysts to estimate crop acreage, predict
harvest outcomes, and monitor environmental conditions affecting agricultural production. Artificial
intelligence methods increasingly enhance these capabilities by analyzing large volumes of remote
sensing data and agricultural statistics to produce predictive models of crop performance. The
international significance of Al-supported agricultural information systems therefore extends beyond
individual farm management practices (Subahi & Bouazza, 2020). These systems function as analytical
infrastructures that support global food system monitoring, agricultural risk assessment, and market
transparency. By integrating multiple data sources and analytical models, agricultural information
systems provide a structured foundation for understanding the dynamics of global crop production
and food market stability.

Figure 1: AI-Enabled Agricultural Information Systems Framework
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The development of Al-supported agricultural information systems reflects a broader historical
evolution in agricultural data management and digital farming technologies. Early agricultural
information infrastructures relied on manual record-keeping, agricultural census data, and periodic
farm surveys conducted by national statistical agencies (Singh et al., 2020). These methods produced
valuable insights into agricultural production patterns but were limited by the time required to collect,
process, and disseminate agricultural statistics. The emergence of computerized databases during the
late twentieth century enabled agricultural agencies to store and analyze agricultural information more
efficiently. Digital record systems gradually replaced manual data processing approaches and
introduced new analytical possibilities for agricultural planning and policy evaluation. Advances in
geographic information systems and satellite remote sensing technologies expanded the capacity of
agricultural information systems to monitor crop conditions across large geographic regions. Satellite
imagery enabled researchers and agricultural agencies to observe vegetation patterns, soil moisture
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conditions, and crop development stages from space. These technologies created a spatial dimension
within agricultural data analysis by linking agricultural production information with geographic
coordinates and environmental variables. Remote sensing data combined with agricultural survey
statistics allowed analysts to estimate crop acreage, monitor drought impacts, and evaluate regional
agricultural productivity with greater precision (Liu et al., 2019). The introduction of big data analytics
and machine learning techniques transformed the analytical capabilities of agricultural information
systems by enabling computational models that process large volumes of heterogeneous agricultural
data. Agricultural datasets often include climate observations, soil characteristics, crop management
practices, satellite imagery, and market transaction records. Machine learning algorithms analyze these
datasets by identifying statistical relationships among variables and generating predictive models
capable of estimating crop yields or identifying agricultural risk patterns. These computational
approaches expanded the scope of agricultural information systems from descriptive statistical
reporting toward predictive analytics. Digital agriculture therefore represents a convergence of
information technologies, environmental monitoring systems, and data analytics tools applied to
agricultural management and food system governance (Cesco et al., 2023). Al-supported agricultural
information systems operate within this digital agriculture landscape by integrating multiple
technological components into unified analytical platforms. These platforms facilitate continuous
monitoring of agricultural conditions and support the development of predictive models that estimate
crop production outcomes at regional and national scales.

Food price stability represents a central objective of national agricultural policy because fluctuations in
food prices affect household food access, agricultural income stability, and macroeconomic conditions
within national economies. Agricultural commodity prices are influenced by multiple factors including
crop production levels, transportation costs, international trade flows, consumer demand patterns, and
energy prices. Crop yield variability constitutes a particularly important determinant of food price
dynamics because agricultural supply levels directly affect the availability of staple commodities
within domestic and global markets (Song et al., 2022). Years characterized by reduced crop production
often correspond with higher commodity prices due to constrained supply conditions. Agricultural
information systems contribute to food price analysis by generating data on crop production, harvest
volumes, and inventory levels across agricultural regions. Statistical monitoring of agricultural
production enables analysts to evaluate how changes in crop yields influence supply levels within food
markets. These analytical processes require accurate and timely agricultural data collected through
farm surveys, remote sensing technologies, and environmental monitoring systems. Data integration
platforms combine these datasets to produce comprehensive agricultural statistics that inform market
analysis and policy evaluation (Farooq et al., 2019). Artificial intelligence enhances the analytical
capabilities of agricultural information systems by enabling predictive modeling of supply fluctuations
and agricultural production trends. Machine learning algorithms analyze historical production data,
climate indicators, and satellite observations to estimate crop yield outcomes and identify patterns
associated with agricultural supply variability. These predictive insights provide analytical
foundations for understanding the relationship between agricultural production conditions and
commodity price movements. Food price dynamics also reflect the interaction between agricultural
supply levels and market expectations regarding future production outcomes. Agricultural
information systems influence these expectations by providing structured information about crop
conditions and yield forecasts. Reliable agricultural data reduces informational asymmetry within
commodity markets and supports more accurate assessments of agricultural supply conditions (Pelé et
al., 2023). Al-supported agricultural information systems therefore contribute to the analytical
infrastructure through which agricultural production data and food market indicators are interpreted
within national economic contexts.
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Figure 2: Al-Based Agricultural Data Decision Framework
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The objective of this study was to examine the effectiveness of Al-supported agricultural information
systems in improving national crop yield forecasting accuracy and evaluating their relationship with food
price stabilization in the United States. The study sought to investigate how advanced predictive analytics
techniques, particularly machine learning algorithms, could enhance the analytical capacity of agricultural
monitoring systems that traditionally relied on statistical regression and historical trend analysis. A primary
objective was to assess whether integrating large-scale agricultural datasets —including crop yield records,
climatic indicators, and satellite-derived vegetation monitoring data—would significantly improve the
reliability and precision of national yield forecasting models. By applying machine learning approaches such
as Random Forest, Gradient Boosting, and Support Vector Regression, the study aimed to determine
whether these computational models could more effectively capture nonlinear relationships between
environmental variables and crop productivity compared with conventional statistical forecasting
techniques. Another important objective was to evaluate the contribution of environmental monitoring
indicators to forecasting performance. Satellite-derived vegetation indices, rainfall variability, temperature
fluctuations, and soil moisture proxies were examined to determine their statistical influence on crop yield
prediction accuracy. Through this analysis, the study aimed to identify which environmental variables
served as the strongest predictors of agricultural productivity within Al-based forecasting systems. In
addition to examining predictive performance, the study also aimed to analyze regional differences in
forecasting accuracy across major agricultural zones of the United States. This objective focused on
determining whether machine learning-based forecasting models performed differently across regions with
varying climatic conditions and agricultural production structures. Furthermore, the study aimed to
investigate the relationship between predicted agricultural supply levels and food price dynamics within
national commodity markets. By linking yield forecasting outputs with food price indicators, the study
sought to evaluate whether fluctuations in predicted crop production were associated with measurable
changes in food price volatility. This objective addressed the broader economic relevance of agricultural
forecasting systems by examining how improvements in yield prediction could contribute to more accurate
anticipation of supply-driven price movements. Overall, the study aimed to provide a comprehensive
quantitative evaluation of Al-supported agricultural information systems by integrating crop monitoring,
environmental observation, and market analysis within a unified analytical framework capable of
improving both agricultural forecasting accuracy and food price monitoring.
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LITERATURE REVIEW

The literature review examines the body of scholarly and empirical research that informs the
development of Al-supported agricultural information systems and their application to national yield
forecasting and food price stabilization. Agricultural research has progressively shifted toward data-
driven analytical approaches as digital technologies generate large volumes of agricultural information
across production systems, environmental monitoring networks, and commodity markets (Smidt &
Jokonya, 2022). Quantitative research methods have become central to analyzing these datasets because
agricultural production systems involve measurable variables such as crop yields, rainfall patterns, soil
conditions, satellite vegetation indices, and market price indicators. The integration of artificial
intelligence within agricultural information systems has expanded the analytical possibilities for
modeling these variables and examining statistical relationships between agricultural production
dynamics and food market outcomes. Within the context of national agricultural management,
agricultural information systems function as analytical infrastructures that collect, organize, and
analyze agricultural data across regional and temporal dimensions. Scholars have explored these
systems from multiple perspectives including digital agriculture, remote sensing analytics, agricultural
economics, predictive modeling, and supply chain monitoring (Williams, 2021). Quantitative studies
in this field frequently investigate the predictive performance of machine learning models for crop
yield estimation, evaluate the statistical accuracy of agricultural forecasting techniques, and analyze
the relationship between agricultural production variability and commodity price movements. These
studies rely on large datasets derived from satellite imagery, climate observation networks, agricultural
surveys, and market transaction databases. The literature surrounding agricultural information
systems also reflects interdisciplinary collaboration among agronomy, computer science, data science,
and agricultural economics. Machine learning models, statistical regression techniques, spatial
econometric models, and remote sensing analytics have been applied to estimate crop productivity,
forecast harvest outcomes, and interpret agricultural market conditions. Researchers frequently
employ quantitative techniques such as panel regression, time-series forecasting, neural networks, and
ensemble learning models to analyze agricultural datasets across multiple geographic regions and
growing seasons (Chege et al., 2020). These analytical methods provide insights into how
environmental variables, agricultural management practices, and technological systems interact within
national agricultural production systems. The literature review therefore synthesizes empirical
findings from quantitative agricultural research that examines Al-supported agricultural information
systems, crop yield prediction models, and food price dynamics. The structure of this section reflects
key thematic areas within the scholarly literature, including digital agricultural data infrastructures,
machine learning-based yield prediction models, remote sensing applications in crop monitoring,
statistical forecasting models, and economic analyses of agricultural supply and food price stability.
Each subsection focuses on specific quantitative research themes that contribute to understanding how
Al-supported agricultural information systems operate within national agricultural management and
food system monitoring frameworks (Soluk & Kammerlander, 2021).

Agricultural Information Systems

Agricultural information systems rely on structured statistical architectures that organize agricultural
data into integrated platforms capable of supporting national monitoring and analytical activities.
These infrastructures typically consist of centralized agricultural databases that compile data from
multiple sources, including crop production records, climate monitoring networks, soil surveys, and
agricultural market statistics. The structure of these databases is designed to accommodate large-scale
datasets that capture spatial, temporal, and economic dimensions of agricultural systems (Rockstrom
et al., 2023). Studies on agricultural informatics highlight that national monitoring platforms depend
on standardized database frameworks that allow agricultural agencies to collect, store, and analyze
information related to crop acreage, yield levels, farm inputs, and environmental conditions across
extensive geographic regions. Research in agricultural data management shows that relational database
architectures and geospatial data systems are widely used to organize agricultural information,
allowing analysts to integrate crop production statistics with environmental indicators and economic
datasets within a unified analytical environment. The integration of crop production data with climate
variables and market statistics forms a core component of agricultural data infrastructures. Agricultural
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datasets frequently combine weather observations, soil conditions, irrigation patterns, and crop growth
measurements to produce a comprehensive understanding of agricultural productivity. Scholars have
noted that such integration supports more accurate monitoring of agricultural systems by enabling
analysts to examine the relationships between environmental conditions and crop performance across
different regions. Agricultural census datasets represent another critical element of these
infrastructures because they provide nationally representative information on farm characteristics,
production volumes, land use patterns, and agricultural inputs (Xu et al., 2022). These datasets are often
collected through periodic surveys conducted by national statistical agencies and agricultural
ministries. Research examining agricultural statistical systems indicates that census-based datasets
provide baseline information used to calibrate and validate agricultural monitoring models.
Quantitative indicators embedded within agricultural information platforms also play a central role in
statistical architecture. Indicators such as crop yield averages, production variability indices, soil
moisture measures, and commodity supply indicators allow agricultural analysts to monitor
production conditions and evaluate trends within national agricultural systems. The reliability of these
indicators depends heavily on data preprocessing procedures such as normalization, cleaning, and
validation. Agricultural datasets often originate from heterogeneous sources, including satellite
observations, sensor networks, and farm-level surveys, which may contain inconsistencies or missing
values. Data preprocessing techniques are therefore used to standardize measurement units, correct
anomalies, and harmonize datasets before they are incorporated into analytical models (Krell et al.,
2021). The literature on agricultural data management emphasizes that rigorous preprocessing
protocols are necessary to ensure that agricultural information systems produce reliable statistical
outputs suitable for policy analysis and agricultural planning.

The expansion of digital agriculture has resulted in the emergence of agricultural big data ecosystems
characterized by large volumes of heterogeneous data generated across agricultural production
systems. These ecosystems consist of diverse datasets collected from weather stations, soil sensors,
satellite imaging platforms, farm management software, and agricultural market databases (Tamilmani
et al., 2021). Scholars examining agricultural big data have noted that modern agricultural monitoring
relies increasingly on the integration of these diverse datasets to capture the complexity of agricultural
production environments. Agricultural datasets often include environmental observations such as
temperature patterns, precipitation levels, solar radiation, and soil nutrient measurements, along with
crop management data and market transaction records. Integrating these data sources enables
agricultural information systems to provide a more comprehensive view of agricultural productivity
and supply dynamics. Data fusion techniques play a significant role in agricultural information systems
by combining information from multiple data streams into unified analytical datasets. Research on
agricultural data integration highlights that remote sensing imagery, weather observations, and farm-
level production data are often merged to produce spatially detailed representations of crop growth
patterns and yield performance. Data fusion frameworks allow analysts to link environmental variables
with agricultural production indicators, facilitating the identification of relationships between climatic
conditions and crop productivity. Several studies emphasize that multi-source data integration
enhances the accuracy of agricultural monitoring systems because it reduces reliance on single data
streams and enables cross-validation among independent datasets (Prokopy et al., 2019). Database
management architectures supporting agricultural big data systems must also address challenges
related to data storage, accessibility, and computational efficiency. Agricultural monitoring platforms
often process extremely large datasets generated from continuous environmental observation networks
and high-resolution satellite imagery. Research on agricultural informatics has therefore emphasized
the importance of scalable database architectures capable of managing these large volumes of data.
Distributed database systems and parallel computing environments are frequently employed to
process agricultural datasets efficiently. In addition, cloud-based storage platforms have become
increasingly important for agricultural data management because they enable centralized storage and
remote access to agricultural datasets across institutional networks (Lajoie-O'Malley et al., 2020).
Studies examining cloud-enabled agricultural monitoring systems suggest that cloud infrastructures
support collaborative data sharing among research institutions, government agencies, and agricultural
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organizations involved in crop monitoring and agricultural planning.

Figure 3: Agricultural Data Processing and Analysis Framework
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Evaluating the performance of agricultural information systems requires the use of quantitative metrics
that assess the quality, reliability, and analytical usefulness of agricultural datasets. One of the most
fundamental performance indicators is data accuracy, which refers to the degree to which recorded
agricultural data reflects actual conditions within agricultural production systems. Accurate data is
essential for agricultural monitoring and forecasting because predictive models and statistical analyses
rely heavily on the integrity of the underlying datasets (Kernecker et al., 2020). Research in agricultural
informatics indicates that data accuracy is influenced by factors such as measurement precision, data
collection methods, and the reliability of observational instruments used in environmental monitoring
networks. Data completeness represents another critical metric used to evaluate agricultural
information systems. Completeness refers to the extent to which datasets contain the necessary
variables and observations required for analytical tasks. Agricultural datasets may contain gaps due to
missing sensor readings, incomplete survey responses, or interruptions in data transmission from
monitoring devices. Scholars studying agricultural data quality emphasize that incomplete datasets can
compromise analytical results and reduce the reliability of predictive models used in agricultural
forecasting (Dwivedi et al., 2019). Various data quality assessment frameworks have therefore been
developed to evaluate dataset completeness and identify areas where additional data collection or
correction procedures may be required. Reliability indicators are also widely used to measure the
stability and consistency of agricultural information systems. Reliability reflects the extent to which
datasets produce consistent results across repeated measurements or analytical procedures.
Agricultural monitoring systems that rely on automated sensors and remote sensing technologies must
ensure that data collected over time remains consistent and free from systematic measurement errors.
Statistical evaluation methods are commonly used to assess the reliability of agricultural datasets by
examining patterns of variation within repeated observations. Additional performance metrics include
measures of data latency and temporal resolution, which describe the timeliness and frequency of data
updates within agricultural monitoring platforms. Data latency refers to the time delay between the
occurrence of agricultural events and the availability of corresponding data within the information
system. Low latency is particularly important for agricultural monitoring because crop conditions and
environmental variables can change rapidly during the growing season (Meinzen-Dick et al., 2019).
Temporal resolution describes how frequently agricultural data is recorded and updated within the
system. High temporal resolution datasets allow analysts to monitor crop development and
environmental changes with greater precision. Reliability indices that combine measures of accuracy,
completeness, and timeliness are often used to provide comprehensive assessments of agricultural
information system performance across national agricultural monitoring platforms.

Quantitative Models for Crop Yield Prediction

Early quantitative research on crop yield prediction was grounded in classical statistical modeling,
particularly linear regression, multiple regression, panel regression, and broader econometric
approaches designed to explain variation in agricultural productivity across time and space. These
models became foundational because they offered interpretable relationships between crop yield and
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measurable inputs such as rainfall, temperature, cultivated area, fertilizer use, irrigation intensity, and
soil characteristics (Niedbata, Nowakowski, et al., 2019). In the literature, linear regression models were
widely used to establish baseline predictive relationships between individual explanatory variables
and crop output, especially in studies focused on a single crop or a limited geographic region (Anick &
Tasnim, 2022; Md Abubakar Siddique & Md. Al Amin, 2022). As agricultural systems were recognized
as multivariable environments, multiple regression models became more prominent because they
allowed researchers to integrate climatic variables with agronomic and management indicators in a
single analytical structure (Md & Islam, 2022; Md. Shahinur & Md. Sultan, 2022). This shift improved
the explanatory capacity of yield studies by accounting for the combined influence of seasonal
temperature, precipitation variability, and input use on crop performance. Cross-regional agricultural
analysis further encouraged the use of panel regression models, which enabled scholars to examine
yield differences across states, districts, or provinces while controlling for temporal and spatial
heterogeneity (Jinnat & Molla Al Rakib, 2023; Mostafa & Md Tohidul, 2022). These models were
especially important in national monitoring contexts because they provided a quantitative framework
for comparing agricultural productivity across large territorial units. Econometric yield forecasting
models expanded this tradition by linking crop productivity with broader structural influences such as
market incentives, land use behavior, technological adoption, and resource allocation. The literature
shows that econometric approaches were particularly useful in national-scale agricultural studies
where yield variation could not be fully explained by environmental factors alone (Md Khaled & Md.
Mosheur, 2023; Md Shahab & Aditya, 2023; Niedbata, Piekutowska, et al., 2019). Researchers often used
these models to understand how productivity responded to changes in both biophysical and economic
conditions, thereby connecting agronomic forecasting with policy-relevant analysis. A major strength
of classical statistical models lies in their transparency and interpretability, which made them appealing
for public-sector agricultural agencies and national statistical systems (Md. Hasan Or et al., 2023; Md.
Mehedi & Khairum Nahar, 2023). Their outputs could be easily communicated to policymakers, and
the underlying coefficients often provided clear substantive meaning. At the same time, the literature
also indicates that these models performed best when the relationships among variables were relatively
stable and linear. In agricultural settings characterized by strong nonlinear interactions, abrupt climate
irregularities, or highly heterogeneous farm conditions, classical models often produced simplified
approximations of more complex biological processes (Ansarifar et al., 2021; Md. Sultan & Anick, 2023;
Mostafa, 2023). Even so, they remain central in the literature because they established the quantitative
logic for crop yield forecasting and continue to serve as benchmark models against which more
advanced artificial intelligence methods are assessed (Ratul & Aditya, 2023; Tasnim & Zaheda, 2023).

The literature on agricultural yield prediction shows a strong movement from conventional regression-
based models toward machine learning algorithms capable of capturing more complex relationships in
agricultural datasets. Random Forest regression became one of the most frequently discussed methods
because of its ability to process high-dimensional data, model nonlinear relationships, and reduce
overfitting through ensemble decision structures (Nevavuori et al., 2019). Studies using Random Forest
consistently reported strong performance in crop yield estimation when environmental, spectral, and
management variables were combined, particularly in heterogeneous agricultural landscapes where
traditional parametric assumptions were difficult to maintain (Iftekhar & Md Tohidul, 2024; Zaheda &
Md. Tahmid Farabe, 2023). Support Vector Regression also gained considerable attention in the
literature because of its suitability for modeling nonlinear agricultural patterns in relatively smaller or
medium-sized datasets (Jinnat & Samiha Binte, 2024; Md. Towhidul & Uddin, 2024). Researchers found
it particularly useful in studies where crop yield depended on interacting climatic and soil variables
that could not be adequately represented through ordinary least squares methods. Its strength in
handling nonlinear boundaries made it attractive for predicting productivity under variable
environmental conditions. Gradient boosting algorithms further expanded the methodological toolkit
for yield forecasting by sequentially improving prediction performance through the correction of
earlier model errors. In the literature, boosting approaches were often associated with improved
predictive precision, especially when agricultural datasets contained mixed feature types derived from
remote sensing, meteorological observations, and management records (Mohammad Mushfequr &
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Aditya, 2024; Sakib, 2024). These models were frequently compared with Random Forest and Support
Vector Regression, and many studies identified them as highly competitive in terms of predictive

accuracy (Rashid et al., 2021; Sazzadul & Rebeka, 2024; Tasnim & Anick, 2024).

Figure 4: Crop Yield Prediction Modelling Framework

v v

)
[ Statistical Modeling [ Machine Learning Algorithms ] [ Deep Learning Architectures]
[ Preprocessing —D[ Preprocessing ]-—b{ Preprocessing ]
( )
Statistical Modeling Machine Learning Algorithms Deep Learning Architectures
» Linear Regression « Random Forest « Artificial Neural Networks
« Multiple Regression « Support Vector Regression « Convolutional Neural Networks
« Econometric Models « Gradient Boosting « Recurrent Neural Networks
« Panel Regression + Hybrid Models (ersemble framework) * Hybrid Frameworks
Model Evaluation | Model Evaluation | — Model Evaluation
« R2 . R? » R?, RMSE * Loss * Accuracy
» Mean Squared Error, MAE * Mean Squared Error « Accuracy

| Y )

P[ Crop Yield Prediction }

Ensemble learning more broadly emerged as a major theme in agricultural forecasting research because
it allowed multiple models to be combined for greater robustness and stability. Rather than relying on
a single predictive logic, ensemble approaches synthesized outputs from various learners to improve
consistency across different growing seasons and regions (Zaheda & Md Hamidur, 2024). The literature
suggests that this strategy was especially valuable in agriculture because crop systems are influenced
by layered uncertainties including weather variation, disease exposure, and measurement noise.
Across studies, machine learning algorithms were often evaluated using large and diverse datasets,
and their appeal rested not only on higher predictive performance but also on their ability to integrate
a wide range of variables without requiring rigid assumptions about functional form (Elavarasan &
Vincent, 2020). This made them especially relevant for national yield forecasting systems where data
complexity is substantial and agricultural outcomes are shaped by interacting environmental and
managerial conditions.

Deep learning architectures introduced a more advanced computational layer into crop productivity
modeling by allowing agricultural researchers to analyze highly complex and unstructured data
sources with minimal manual feature engineering. Artificial neural networks were among the earliest
deep learning-related tools applied to agricultural data analysis, and the literature commonly presents
them as an important bridge between traditional machine learning and more sophisticated layered
models (Muruganantham et al., 2022). Neural networks were used to estimate crop yields from
combinations of weather records, soil characteristics, irrigation information, and vegetation indicators,
with many studies noting their strength in detecting latent nonlinear patterns that simpler models
failed to identify. Their flexibility enabled researchers to represent complicated interactions within
agricultural systems, especially where biological and environmental processes influenced yields
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simultaneously. Convolutional neural networks became especially important in studies involving crop
growth monitoring and remote sensing imagery. The literature shows that these models were widely
applied to image-based agricultural tasks because they are well suited to extracting spatial features
from satellite data, aerial imagery, and field photographs. Researchers used convolutional models to
monitor canopy development, detect crop stress, classify vegetation status, and connect image-derived
patterns with eventual yield outcomes. This gave crop forecasting research a stronger spatial dimension
by allowing yield estimation to draw directly from visual representations of crop conditions across
large landscapes. Recurrent neural networks, particularly in time-dependent agricultural studies, were
used to capture sequential relationships in meteorological and crop growth data (Schwalbert et al.,
2020). The literature describes these models as especially useful for agricultural time-series prediction
because yield formation is inherently temporal, shaped by cumulative rainfall, heat exposure, and
seasonal development patterns. By processing sequential data, recurrent models provided a framework
for aligning crop outcomes with the evolving conditions of the growing season. Hybrid frameworks
combining deep learning with statistical or machine learning models also became prominent in the
literature. These approaches were designed to leverage the representational power of neural
architectures while retaining some of the interpretability or structured strengths of conventional
models. Scholars often described hybrid systems as valuable when agricultural datasets included both
structured tabular variables and unstructured image or sequence data. In crop productivity modeling,
this allowed the integration of field-level statistics with remote sensing imagery and historical yield
trends in a single predictive environment (Filippi et al., 2019). The literature consistently portrays deep
learning as a major expansion of yield prediction research because it enabled agriculture-focused
analytics to move beyond manually specified relationships and into data-driven representations of crop
systems that more fully reflected spatial and temporal complexity.

Remote Sensing and Geospatial Analytics in Yield Estimation

Satellite-based vegetation monitoring has become one of the most established quantitative approaches
in agricultural yield estimation because it enables large-scale, repeated, and spatially consistent
observation of crop conditions throughout the growing season. The literature shows that vegetation
indices derived from satellite imagery have been widely used as proxies for crop vigor, canopy density,
chlorophyll activity, and biomass accumulation (Mathivanan & Jayagopal, 2023). Among these, the
Normalized Difference Vegetation Index has been particularly prominent in crop productivity analysis
because it captures differences in red and near-infrared reflectance associated with plant health and
photosynthetic activity. Researchers have used this index extensively to monitor seasonal crop
development and to establish statistical relationships between vegetation conditions and final yield
outcomes across different crops and agroecological regions. Studies on agricultural forecasting have
shown that its strength lies in its ability to provide standardized and repeatable observations over
broad geographic areas, making it highly suitable for national and regional monitoring systems. The
Enhanced Vegetation Index emerged in the literature as a refinement that improves sensitivity in areas
of dense vegetation and reduces certain atmospheric and background noise effects. Comparative
research often found that this index performed well in forecasting contexts where canopy saturation
limited the explanatory power of simpler vegetation measures (Zhu et al., 2021). In yield estimation
studies, both NDVI and EVI were frequently integrated with weather and soil variables to strengthen
model performance and account for environmental influences on crop development. Satellite-derived
biomass estimation models also became central in the literature because biomass serves as an important
intermediate indicator of agricultural productivity. By linking remotely sensed vegetation measures
with field observations, scholars developed statistical models that estimate above-ground biomass and
translate this information into crop yield predictions. Temporal vegetation indices further strengthened
this area of research by emphasizing that crop productivity is better understood as a dynamic process
rather than a single observation at one point in time (Debalke & Abebe, 2022). The literature consistently
shows that repeated vegetation monitoring across planting, growth, flowering, and maturation stages
provides richer predictive insights than isolated snapshots, allowing agricultural analysts to better
align satellite observations with the biological rhythms of crop development.
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Figure 5: Remote Sensing Crop Yield Forecasting
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The literature on geospatial analytics in yield estimation emphasizes that agricultural productivity is
inherently spatial, shaped by location-specific interactions among climate, soil, topography, water
availability, and farm management conditions. For this reason, regional yield forecasting increasingly
relies on geospatial statistical models that explicitly account for spatial variation and geographic
dependence in agricultural data. Spatial regression models have been widely discussed as important
tools because they move beyond ordinary regression by recognizing that yield observations in one
region may be related to conditions in neighboring regions (Joshi et al., 2023). In agricultural analysis,
this is especially relevant because climatic zones, soil formations, and cropping patterns often extend
across administrative boundaries, creating spatial clusters of similar productivity outcomes. Studies
using spatial regression show that incorporating geographic dependence improves the interpretation
of regional agricultural data and reduces analytical distortions caused by ignoring spatial structure.
Geostatistical interpolation techniques have also played a significant role in agricultural monitoring by
allowing researchers to estimate crop and environmental conditions in locations where direct
observations are limited. The literature shows that interpolation methods were especially useful in
filling gaps between monitoring stations, survey sites, or field samples, thereby creating more
continuous spatial representations of agricultural conditions. This became highly valuable in large
agricultural regions where direct field measurement is expensive or unevenly distributed (dela Torre
etal., 2021). Geographic information systems further supported this analytical development by offering
a structured environment for integrating crop datasets with land cover maps, weather layers, irrigation
zones, and topographic information. GIS-based agricultural analysis made it possible to visualize
spatial patterns of crop productivity and examine how geographic variables influence yield differences
across regions. Another recurring theme in the literature is spatial autocorrelation, which refers to the
tendency for geographically proximate observations to exhibit similar values. Researchers consistently
found that agricultural productivity often follows this pattern because neighboring farms and districts
are exposed to similar environmental and institutional conditions (Toscano et al., 2019). The literature
therefore presents geospatial statistical modeling as a critical advancement in regional yield forecasting,
allowing agricultural studies to capture not only the quantity of production but also the spatial logic
through which crop performance varies across landscapes.

Multi-sensor data fusion has become a major theme in the literature because single-source agricultural
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observation often fails to capture the full complexity of crop production systems. Agricultural
monitoring increasingly depends on combining data from satellites, drones, field sensors, and ground
surveys to generate richer and more reliable information about crop conditions. The literature
consistently notes that each data source offers distinct advantages. Satellite imagery provides broad
spatial coverage and repeated observation, drone imagery offers high-resolution local detail, and field
sensors contribute direct measurements of soil moisture, temperature, nutrient conditions, and other
site-specific variables (Awad, 2019). When these sources are used together, agricultural analysts gain a
more complete representation of crop environments than would be possible through isolated
observation systems. Studies on data fusion in agriculture show that this integration improves the
ability to detect crop stress, monitor phenological development, and estimate productivity under
heterogeneous field conditions. Spatial-temporal data fusion methods have been particularly important
because agricultural productivity unfolds across both space and time. The literature explains that high-
resolution drone or field data may offer detailed spatial information but lack frequent temporal
repetition, while some satellite systems provide frequent observations at coarser spatial resolution.
Data fusion methods address this limitation by combining the strengths of different sensing platforms
to produce datasets that are both spatially detailed and temporally continuous (Purnamasari et al.,
2019). Researchers have used these methods to improve crop growth monitoring and strengthen the
predictive quality of yield estimation models. Another key issue in the literature is validation,
especially the comparison of remotely sensed outputs with field-level crop yield data. Validation
studies are essential because they determine whether remote sensing indicators and fused datasets
accurately reflect actual agricultural performance. By matching sensor-derived estimates with
harvested yield measurements, researchers assess the reliability of data fusion frameworks and refine
their analytical use in agricultural monitoring systems. The literature therefore presents multi-sensor
fusion not merely as a technical improvement but as a methodological shift toward more integrated
agricultural intelligence systems. Through this approach, remote sensing becomes more closely
connected to field realities, and yield estimation gains stronger empirical grounding across different
scales of agricultural observation (Kazemi Garajeh et al., 2023).

A synthesis of the literature on remote sensing and geospatial analytics in yield estimation reveals a
broad methodological convergence around spatially explicit, data-rich, and integrative approaches to
agricultural monitoring. Satellite-based vegetation indices established the early quantitative
foundation by demonstrating that crop productivity could be inferred from systematic observation of
plant reflectance patterns (Islam et al., 2023). Geospatial statistical models extended this foundation by
showing that yield estimation is not only a matter of measuring vegetation status but also of
understanding the spatial relationships among agricultural regions. Multi-sensor data fusion then
deepened this analytical tradition by combining broad-scale satellite coverage with high-resolution
local sensing and field validation. Together, these strands of literature illustrate an important shift from
isolated measurement toward layered agricultural observation systems capable of linking
environmental, spatial, and biological dimensions of crop performance. The literature also shows that
remote sensing and geospatial yield estimation are most effective when treated as interconnected
analytical processes rather than separate technical categories. Vegetation indices are stronger when
interpreted within geographic context, geospatial models are more informative when built on
temporally rich satellite inputs, and fused monitoring systems are more reliable when validated against
actual field-level yield data (Vallentin et al., 2022). A recurring pattern across studies is that predictive
accuracy improves when agricultural monitoring frameworks recognize the spatial heterogeneity of
farming landscapes and the temporal progression of crop development. Researchers repeatedly
emphasize that agricultural productivity is influenced by localized environmental conditions,
management practices, and biological growth stages, which means that remote sensing must be
combined with geographic and statistical interpretation to produce meaningful yield forecasts. The
literature therefore positions remote sensing and geospatial analytics as central pillars of quantitative
agricultural intelligence (Ali et al., 2022). Rather than functioning only as observational tools, they
operate as analytical infrastructures through which agricultural systems are translated into measurable
patterns of productivity, variability, and regional difference. This synthesized body of work has shaped
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contemporary yield estimation research by establishing a strong empirical basis for spatially aware
agricultural forecasting.

Quantitative Time-Series Forecasting of Agricultural Production

Quantitative time-series forecasting has occupied a central place in agricultural production research
because crop output is inherently shaped by recurring temporal patterns linked to climate cycles,
planting schedules, input use, and harvest seasons. The literature shows that autoregressive integrated
moving average models became among the most widely applied statistical tools for agricultural
forecasting because they provided a structured way to model historical production data and identify
recurring movements in crop output over time (Purohit et al., 2021). Researchers frequently used these
models to analyze annual or seasonal crop production series for major staples, particularly where long
historical records were available from national agricultural agencies. Their popularity in agricultural
studies stemmed from their capacity to capture serial dependence, smooth historical fluctuations, and
generate forecasts grounded in past production behavior. In many empirical studies, these models
served as baseline forecasting tools against which more complex approaches were later compared.
Seasonal ARIMA models extended this framework by explicitly incorporating cyclical patterns
associated with agricultural calendars. The literature repeatedly emphasizes that agricultural
production is rarely random across time because sowing periods, rainfall seasons, temperature
regimes, and harvesting cycles generate recurring seasonal regularities. Seasonal variants were
therefore especially useful in crop forecasting studies that examined monthly, quarterly, or seasonal
data where production trends displayed clear repetition over calendar periods (Kurumatani, 2020).
These models allowed researchers to capture both general temporal movement and season-specific
fluctuations, making them particularly relevant in national and regional crop monitoring contexts.
Vector autoregression added another dimension by allowing multiple time-dependent agricultural and
economic variables to be modeled together. In the literature, this was important because agricultural
output often interacts with rainfall, fertilizer consumption, cultivated area, commodity prices, and
policy conditions in mutually connected ways. Rather than treating production as an isolated variable,
vector-based approaches recognized that agricultural systems evolve through interdependent
temporal relationships. Across the literature, these classical time-series models are portrayed as
foundational because they established the statistical discipline of forecasting agricultural production
through historical trend analysis, seasonality recognition, and dynamic interaction among agricultural
variables (Bezabih et al., 2023).

Figure 6: Time-Series Models for Crop Forecasting
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The literature on agricultural forecasting shows a major methodological shift from conventional time-
series models toward artificial intelligence approaches that are better suited to capturing nonlinear,
long-range, and multivariate temporal dependencies in agricultural data. Among these, Long Short-
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Term Memory networks gained particular prominence because they were developed to handle
sequential data and retain relevant information across longer time horizons (Abraham et al., 2020). In
agricultural yield prediction, this became especially important because crop production outcomes are
shaped by cumulative environmental exposure throughout the growing season rather than by isolated
observations. Researchers used LSTM-based models to analyze weather sequences, vegetation index
trajectories, soil moisture changes, and historical yield records, finding that these networks were often
able to capture subtle temporal dependencies that traditional statistical models missed. The literature
frequently associates LSTM applications with improved forecasting performance in settings
characterized by complex temporal interactions, especially where agricultural outcomes reflect
prolonged exposure to fluctuating climatic conditions. Temporal convolutional networks also emerged
as an important Al-based approach in agricultural production modeling. The literature presents these
models as effective alternatives for sequential forecasting because they extract patterns from ordered
data while maintaining stable learning over long input sequences (Ibafiez & Monterola, 2023). In
agricultural contexts, temporal convolutional approaches were used to model crop growth, production
trends, and environmental time-series where multiple lags and layered temporal signals mattered.
Researchers often described them as efficient in identifying recurring agricultural patterns across
seasons and production cycles without relying on the strict linear assumptions of classical models.
Hybrid statistical-Al forecasting frameworks further enriched this literature by combining the
interpretive advantages of conventional time-series models with the pattern recognition strengths of
machine learning architectures. These hybrid approaches often appeared in studies where researchers
sought to preserve the structured understanding of seasonality and trend while also addressing
nonlinear variation present in agricultural datasets (Reddy & Sureshbabu, 2019). Across the literature,
Al-based time-series forecasting is presented as a response to the increasing complexity of agricultural
data systems, especially those that incorporate meteorological records, remote sensing indicators, and
market-related variables over long observation windows. This body of work shows that agricultural
forecasting has progressively moved toward flexible models capable of learning from evolving
temporal patterns embedded within production systems.

Agricultural Supply and Food Price Dynamics

The literature on agricultural supply and food price dynamics consistently shows that econometric
models have been central to explaining how changes in crop yields influence commodity prices across
agricultural markets. Within agricultural economics, supply elasticity models have been widely used
to examine the responsiveness of production and market supply to changes in prices, input costs, and
environmental conditions (Ben Abdallah et al., 2021). In yield-price studies, these models help clarify
how variations in harvest volumes alter the quantity of agricultural goods entering the market and
thereby shape price behavior. Research in this area often treats crop yields as a core supply-side
determinant, particularly for staple commodities whose market prices are highly sensitive to harvest
outcomes. When output is abundant, commodity supply expands and price pressure tends to ease;
when production is constrained, price levels tend to rise. The literature presents this relationship as a
foundational mechanism through which agricultural productivity affects food market stability.
Econometric studies have therefore linked observed yield variation with commodity price movement
to better understand the market consequences of agricultural performance. Price transmission models
further deepen this literature by examining how changes in farm-level or wholesale commodity prices
move through different layers of the food system (Yang et al., 2022). Scholars have used these models
to study how production shocks originating in crop yields are transmitted across supply chains to
processors, retailers, and consumers. This strand of literature is especially important because it
recognizes that the relationship between yield and price is not instantaneous or uniform. Transmission
may vary by commodity, by market structure, and by the degree of integration across domestic and
international trade systems. Regression-based studies also occupy a large part of this literature,
especially those that statistically estimate the relationship between crop output and fluctuations in food
prices over time. These analyses often combine production data with market indicators such as retail
price indices, commodity exchange prices, and inventory measures to assess the extent to which food
price variability can be explained by agricultural supply changes (Zhao et al., 2020). Across the
literature, econometric models are valued not only for their ability to quantify these relationships but
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also for their usefulness in connecting agricultural production outcomes to broader food market
behavior in a systematic and policy-relevant manner.

Panel data analysis has become a major methodological approach in the literature on agricultural
supply chains because it allows researchers to examine variation across both place and time within the
same analytical framework. In studies focused on the United States, cross-state agricultural production
datasets have been particularly valuable because they capture regional differences in crop yields, farm
structures, climatic conditions, transportation systems, and market access. These datasets allow
scholars to investigate how agricultural supply conditions vary across states while also tracing changes
across multiple production cycles (Calicioglu et al., 2019). The literature shows that this is especially
important in agricultural market research because supply chains are shaped by geographically uneven
patterns of production, storage, distribution, and consumption. By using panel datasets, researchers
can move beyond isolated case studies and produce broader analyses of how regional agricultural
differences influence supply flows and market prices at the national level. Panel econometric models
have been widely applied in this context because they are well suited to handling repeated observations
for states, counties, or regions over time. Studies using these models often analyze how state-level crop
production, weather variability, transportation factors, and market conditions interact to shape
agricultural supply and pricing outcomes. Fixed effects models are particularly prominent in the
literature because they control for unobserved characteristics that remain relatively constant within
each region, such as soil quality, institutional conditions, or longstanding infrastructure differences
(Mirabelli & Solina, 2020). This makes them valuable for isolating the effect of changing explanatory
variables like output levels or climatic shocks. Random effects models also appear frequently,
particularly when researchers assume that regional differences are not fully correlated with the
explanatory variables and wish to estimate broader variation across cross-sectional units. The literature
on agricultural price research shows that these models have been used to study commodity pricing,
production efficiency, transportation cost pass-through, and interstate market integration. Overall,
panel data analysis is presented as one of the most effective quantitative tools for studying agricultural
supply chains because it accommodates the layered structure of agricultural data and enables scholars
to capture both regional heterogeneity and temporal dynamics within a single statistical approach
(Kayikci et al., 2022).

Figure 7: Agricultural Supply and Price Dynamics
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Food price volatility has received extensive attention in the literature because unstable prices can affect
food access, agricultural income, and the functioning of domestic and international markets. Statistical
models for food price volatility are therefore designed to capture not only average price movement but
also the intensity and persistence of fluctuations over time. Among the most widely discussed
approaches are GARCH-type models, which have been used extensively in commodity market research
to analyze changing variance in agricultural prices (Obiero et al., 2019). The literature shows that these
models became especially influential because food and commodity prices often exhibit clustered
volatility, meaning periods of relative calm are followed by episodes of pronounced instability. In
agricultural markets, such volatility can be linked to harvest uncertainty, weather shocks, trade
disruptions, policy interventions, and speculative behavior. GARCH-based studies have therefore
provided a structured way to measure how price instability evolves and how long volatility effects
persist aftershocks occur (Oliveira & Silva, 2023). Price stabilization modeling forms another important
part of this literature, particularly in studies that investigate how agricultural systems respond to
supply disruptions and demand pressures. Scholars in this area frequently analyze the extent to which
storage systems, import policies, production buffers, and market regulations help moderate
fluctuations in food prices. Quantitative assessments often use statistical models to estimate the effect
of these stabilizing mechanisms on the variance of market prices. A closely related strand of research
focuses on supply shocks and their role in moving food prices. Studies consistently show that reduced
crop yields, abrupt weather events, or regional output shortfalls can trigger substantial changes in
commodity prices, especially when markets are tightly balanced and inventories are limited (Davis et
al., 2021). Quantitative analyses in this literature often connect production data with wholesale or retail
price series to estimate the degree to which supply disturbances affect short-run and medium-run price
movement. Across the literature, volatility modeling is treated as a crucial analytical tool because it
helps reveal not only whether food prices change, but how sharply, how persistently, and under what
supply conditions those changes become economically significant.

A synthesis of the literature on agricultural supply and food price dynamics shows that econometric
modeling, panel data analysis, and volatility estimation are deeply interconnected approaches for
understanding how food markets respond to agricultural production conditions. Econometric studies
linking crop yields and commodity prices establish the fundamental supply-side logic of agricultural
markets by demonstrating that output variation is one of the main determinants of price behavior
(Nedelciu et al., 2020). Panel data research extends this logic by showing that these relationships are
uneven across regions and over time, particularly in large and diverse agricultural systems such as the
United States. Statistical volatility models then complement both approaches by revealing that the
impact of yield changes is not limited to average price levels but also includes the magnitude and
persistence of price instability. Together, these strands of research create a layered picture of
agricultural markets in which supply, geography, and volatility interact continuously. The literature
also indicates that no single modeling tradition is sufficient to capture the full complexity of agricultural
supply chains and food pricing. Simple regression models may identify broad relationships between
yields and prices, yet panel models are needed to account for cross-state heterogeneity and repeated
temporal observations (Galli et al., 2019). Volatility models are required when the focus shifts from
price direction to price instability. A recurring theme across studies is that agricultural price behavior
cannot be understood without attention to both market structure and production variability. Crop
yields influence commodity prices directly through supply availability, but the strength of that
influence is mediated by transportation systems, market integration, storage capacity, policy
conditions, and the speed of price transmission across supply chain levels. This makes agricultural
supply analysis inherently multidimensional (Niknejad et al., 2021). The literature therefore portrays
quantitative analysis of agricultural supply and food price dynamics as a field that relies on
methodological integration: econometric models to explain relationships, panel methods to capture
spatial and temporal structure, and volatility models to assess instability under supply shock
conditions. Taken together, these studies provide a strong quantitative foundation for understanding
how agricultural production outcomes shape food market behavior.
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AI-Supported Agricultural Information Systems

The literature on Al-supported agricultural information systems places strong emphasis on predictive
accuracy because the value of such systems depends greatly on how well their analytical models
estimate crop yields, classify crop conditions, and interpret agricultural variability across regions and
seasons. Comparative model performance testing has become a standard practice in this area, especially
in studies that examine whether artificial intelligence methods provide measurable advantages over
conventional statistical approaches (Reis, Kreibich, et al., 2022). Researchers frequently compare
machine learning models such as Random Forest, Support Vector Regression, gradient boosting
methods, and deep neural networks with regression-based and time-series models to determine which
techniques produce the most reliable estimates under different agricultural conditions. This
comparative tradition reflects the broader methodological concern that agricultural systems are highly
complex, shaped by nonlinear interactions among climate conditions, soil characteristics, management
practices, and spatial heterogeneity. The literature consistently shows that model performance is not
judged only by predictive power in the abstract, but also by the ability to generalize across crops,
production environments, and data structures. Benchmarking machine learning algorithms against
statistical models is a particularly important strand of this literature because it allows researchers to
assess whether increased algorithmic sophistication actually translates into better agricultural
forecasting (Garske et al., 2021). Studies often report that Al-based models outperform traditional
methods when datasets are large, multidimensional, and nonlinear, especially where remote sensing,
meteorological, and agronomic variables are combined. At the same time, the literature also notes that
statistical models remain useful as benchmarks because they offer interpretability and transparency,
which are important in agricultural decision environments. Cross-validation and out-of-sample testing
are central to these evaluations because they provide evidence that predictive performance is not
limited to the training dataset. Researchers commonly use these procedures to examine whether an Al
model can maintain consistent performance across unseen observations, different years, or alternative
geographic settings. Across the literature, predictive accuracy assessment is presented as a core
component of evaluating Al-supported agricultural systems because it determines whether these
systems can function reliably in operational contexts rather than only in controlled analytical
experiments (Holzinger et al., 2022).

Large-scale agricultural data analytics platforms are widely discussed in the literature as the
infrastructural backbone of Al-supported agricultural information systems. These platforms are
designed to manage, integrate, and analyze extensive datasets generated through agricultural surveys,
remote sensing systems, weather observation networks, market records, and field-level sensors (Von
Garrel & Mayer, 2023). The literature shows that national agricultural data infrastructures have become
increasingly important as digital agriculture expands and agricultural monitoring shifts toward
continuous, data-intensive observation. Researchers describe these infrastructures as more than passive
data repositories; they are active analytical environments in which agricultural data is collected,
standardized, linked across sources, and prepared for predictive modeling. Their importance is
especially evident in national crop monitoring and food system analysis, where large-scale agricultural
data must be processed quickly and consistently to support forecasting and decision-making.
Distributed computing systems are frequently highlighted in this literature because agricultural
datasets can be extremely large and computationally demanding, particularly when they include high-
resolution satellite imagery, long time-series weather records, and geospatially detailed crop statistics.
Scholars note that distributed architectures make it possible to process complex agricultural data in
parallel, thereby improving computational speed and enabling real-time or near-real-time analysis in
some monitoring settings (Sharma et al., 2023). These systems are often connected to cloud-based
infrastructures that support collaborative access, scalable storage, and flexible model deployment
across institutional networks. Another important theme in the literature concerns data processing
pipelines for large agricultural datasets. Researchers emphasize that Al-supported agricultural
information systems depend heavily on structured workflows that handle data ingestion, cleaning,
harmonization, transformation, and model-ready integration. Because agricultural data typically
comes from heterogeneous sources with different temporal resolutions, spatial scales, and
measurement conventions, robust processing pipelines are essential for producing reliable inputs for
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analytical models (Bernabeo et al., 2023). The literature therefore portrays large-scale agricultural
analytics platforms as foundational systems that enable the practical implementation of Al in national
agricultural monitoring, not only by storing information but by transforming dispersed agricultural
observations into structured analytical intelligence.

Figure 8: AI Agricultural Model Evaluation Framework
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The literature on agricultural decision-support systems shows that performance evaluation extends
beyond predictive modeling and includes a broader assessment of whether analytical systems produce
usable, reliable, and timely information for decision-making (Reis, Funke, et al.,, 2022). Forecast
accuracy indicators are among the most frequently discussed metrics because forecasting remains one
of the main functions of Al-supported agricultural information systems. Studies commonly examine
whether system-generated outputs correspond closely with observed crop yields, production levels, or
environmental conditions, and whether those outputs remain stable across different temporal and
geographic settings. The literature suggests that accuracy is often treated as the first threshold of system
credibility, particularly in agricultural contexts where forecasting errors can affect planning,
procurement, market expectations, and policy response. At the same time, researchers also argue that
an effective agricultural decision-support system must be assessed in relation to how well its outputs
support actual agricultural decisions rather than merely how well they fit historical data. Data-driven
decision support evaluation frameworks have therefore become an important area of inquiry. These
frameworks assess how analytical tools contribute to monitoring, planning, and resource allocation by
examining dimensions such as timeliness, usability, transparency, and consistency of analytical results
(Rozman, Oreski, et al., 2023). In the literature, decision-support evaluation frequently includes
consideration of whether agricultural analytics platforms generate information in a form that can be
interpreted by policymakers, analysts, and institutional users. This becomes particularly significant
when Al systems employ complex algorithms whose internal processes may be difficult to explain.
Agricultural analytics performance benchmarking also appears prominently in the literature as a way
of comparing platforms, tools, or system configurations against defined standards. Researchers often
benchmark systems based on combinations of predictive reliability, computational efficiency, data
integration capacity, and responsiveness to changing agricultural conditions (Khabarov et al., 2023).
The literature consistently frames these performance metrics as essential because agricultural
information systems are expected not only to produce technically accurate results but also to operate
as dependable instruments for decision-support in national agricultural management. As a result,
performance evaluation is presented as a multidimensional process that links analytical precision with
practical decision value.

554



International Journal of Scientific Interdisciplinary Research, June 2025, 536-575

Empirical Quantitative Studies on U.S. Agricultural Forecasting Systems

Empirical quantitative research on U.S. agricultural forecasting systems has been built on a long
tradition of national crop monitoring programs and structured agricultural data collection
mechanisms. The literature consistently identifies the United States as one of the most data-intensive
agricultural environments in the world because crop monitoring is supported by institutionalized
survey systems, administrative reporting structures, and increasingly sophisticated geospatial
observation technologies (Prokopy et al., 2019). USDA crop production datasets occupy a central role
in this empirical tradition because they provide standardized and recurring records on acreage, planted
area, harvested area, expected yield, and total production across major crops and states. Scholars
examining forecasting systems often treat these datasets as the core empirical foundation for both
descriptive monitoring and predictive modeling. The structure of national agricultural data collection
has allowed researchers to conduct large-scale quantitative analyses across long time horizons, making
it possible to compare production outcomes by crop, region, and season. The literature shows that such
continuity is especially important for forecasting because predictive systems rely on historically stable
and comparable datasets to estimate patterns in agricultural output. The National Agricultural
Statistics Service has received substantial attention in empirical studies because its data structures
support both operational reporting and research-based analysis (Hegedus et al., 2023). Researchers
frequently note that its survey-based systems provide detailed and recurring measures of crop
conditions, farm-level reporting, and national production estimates, all of which contribute to the
statistical infrastructure of U.S. agricultural forecasting. This institutional framework has also
supported comparisons between survey-derived estimates and newer data-intensive methods. At the
same time, satellite crop monitoring initiatives in the United States have expanded the spatial depth of
agricultural data collection by adding continuous observational coverage to the survey tradition. The
literature describes these initiatives as especially valuable for tracking vegetation conditions, crop
progress, and regional production stress across large areas. By integrating satellite observations with
official agricultural statistics, U.S. crop monitoring systems have created a layered empirical
environment that supports both conventional forecasting and newer Al-driven estimation approaches
(Thomas et al., 2023). This combination of institutional data collection and geospatial monitoring is
widely presented in the literature as a defining strength of U.S. agricultural forecasting research.

Figure 9: U.S. Agricultural Yield Forecasting Framework
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The literature on U.S. crop yield forecasting places strong emphasis on statistical evaluation because
national forecasting systems are expected to produce estimates that are both analytically robust and
operationally credible. Empirical studies have assessed forecasting accuracy using a wide range of
national and regional yield models, often focusing on major crops such as corn, soybeans, wheat, and
cotton (Vallino et al., 2020). These studies generally compare predicted yields with observed harvest
outcomes to determine the reliability of different forecasting techniques across growing seasons and
geographic contexts. Survey-based systems historically served as the standard approach in U.S.
forecasting, and many quantitative studies evaluated their performance in terms of consistency, bias,
responsiveness to in-season crop conditions, and ability to represent geographically dispersed
production environments. The literature shows that these systems were often valued for their
institutional legitimacy and historical continuity, which made them especially useful for official
reporting and policy use. More recent empirical work has introduced direct comparisons between
survey-based forecasting systems and Al-based approaches. In these studies, researchers frequently
use remote sensing data, weather observations, soil information, and historical yield records to train
machine learning models that estimate crop outcomes at state, county, or field scales (Senanayake et
al., 2020). The literature consistently presents these comparisons as a critical stage in the evolution of
U.S. agricultural forecasting because they allow scholars to assess whether computational models offer
measurable gains in predictive performance over traditional methods. Many studies report that Al-
based systems perform especially well when large and diverse datasets are available, particularly in
contexts where yield variation reflects nonlinear environmental interactions. At the same time,
empirical evaluations also show that conventional forecasting systems retain advantages in
interpretability, institutional transparency, and alignment with established reporting structures. The
broader quantitative literature therefore does not present Al and survey methods as absolute
substitutes, but rather as competing and sometimes complementary approaches whose relative
strengths depend on forecasting scale, data richness, crop type, and the intended use of the forecast
(Oliveira & Silva, 2023). Statistical evaluation in U.S. forecasting research is thus portrayed as a process
of methodological comparison grounded in empirical validation.

Crop Yield Forecasting and Market Price Modeling

The literature on integrated predictive analytics frameworks linking crop yield forecasting and market
price modeling presents agricultural forecasting as a multidimensional quantitative system in which
biological production processes and market responses are analyzed together rather than in isolation.
Earlier research traditions often treated crop yield estimation and commodity price analysis as separate
fields, with agronomic studies focusing on environmental and production determinants while
agricultural economics concentrated on market supply, demand, and price transmission (Sabu &
Kumar, 2020). More recent literature has increasingly emphasized that these domains are statistically
interconnected because crop output directly shapes supply conditions, inventory expectations, and
commodity price behavior across food systems. As a result, integrated predictive frameworks have
emerged to connect agricultural production models with market forecasting systems in one analytical
structure. These frameworks generally begin with production-side datasets such as crop area, yield,
weather conditions, vegetation indices, and farm management variables, then extend toward market-
side indicators including wholesale prices, retail food prices, commodity exchange data, trade volumes,
and stock levels. The literature shows that this integration creates a more realistic representation of
agricultural systems by acknowledging that production signals influence prices through evolving
supply conditions and market expectations (Sun et al., 2023). A major contribution of these integrated
models lies in their capacity to treat agriculture as a linked statistical process rather than a sequence of
disconnected events. Studies in this area often emphasize that national agricultural forecasting requires
not only the estimation of crop output but also an understanding of how forecasted yields translate
into commodity availability and price fluctuations. This integrated perspective is particularly relevant
in large food economies where production shocks in staple crops can influence both producer returns
and consumer food affordability. Quantitative frameworks linking yield and price modeling therefore
aim to build analytical continuity between the farm sector and the market system (Mohanty et al., 2023).
The literature suggests that this continuity improves the usefulness of agricultural forecasts for policy
analysis, market monitoring, and national food system assessment. Integrated agricultural forecasting
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is thus portrayed not merely as the technical merger of two models, but as a broader analytical shift
toward combining environmental, production, and economic intelligence within a unified quantitative

architecture.

Figure 10: Integrated Crop Yield Price Forecasting
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The literature shows that one of the most important elements of integrated predictive analytics
frameworks is the statistical coupling of crop yield prediction models with supply-demand equilibrium
models and food price indicators. In this body of work, yield forecasting is not treated as a final output
but rather as an upstream analytical input that feeds into broader market models concerned with
commodity availability, stock adjustment, and price formation (Shelia et al., 2019). Researchers
frequently connect estimated crop yields to market balance structures that account for production,
carryover stocks, domestic consumption, exports, and imports. Through this linkage, predicted
agricultural output becomes part of a larger system used to interpret likely changes in supply
conditions and corresponding price pressure. The literature emphasizes that this statistical coupling is
essential because food prices often respond not only to realized harvests but also to expectations
regarding future availability. Forecast-based supply modeling therefore plays a central role in market
anticipation and price behavior. Data-driven frameworks that combine agricultural production
datasets with food price indicators have expanded this approach by integrating a broader range of
explanatory variables (Ansarifar et al., 2021). Studies often merge production statistics with commodity
price series, inflation-adjusted food indices, transportation costs, weather anomalies, and trade data to
estimate how production variation translates into market outcomes. This has allowed researchers to
model agricultural markets as data-rich systems in which production signals operate alongside
economic and institutional variables. A recurring theme in the literature is that integrated models are
particularly valuable when crop markets are sensitive to yield shocks, climatic variability, or inventory
shortages. In such cases, the coupling of yield and price data enables more nuanced analysis of food
system behavior than separate modeling traditions can provide (Elbasi et al., 2023). The literature also
highlights that statistical integration helps reveal lag structures and nonlinear relationships between
crop forecasts and market prices, showing that price effects may unfold gradually, asymmetrically, or
differently across commodities. As a result, integrated production-price modeling is presented as an
important methodological development that deepens quantitative understanding of how agricultural
output is translated into food market dynamics.

A major strand of the literature focuses on predictive analytics pipelines that link remote sensing crop
monitoring with national food price datasets through hybrid modeling architectures. These pipelines
reflect the growing use of digital agriculture and large-scale data systems in both production
forecasting and market monitoring. On the production side, remote sensing data provides timely and
spatially extensive information on vegetation conditions, biomass development, crop stress, and
seasonal growth progression (Elbasi et al., 2023). On the market side, national food price datasets and
commodity series offer continuous measures of market response across time. The literature
increasingly describes predictive pipelines that connect these two domains through sequential
analytical steps: agricultural observation, crop yield estimation, supply interpretation, and price
modeling. This process enables crop monitoring systems to feed directly into market intelligence
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structures, thereby strengthening the responsiveness of agricultural forecasting systems to real-world
supply conditions. Hybrid econometric-machine learning architectures have become especially
important within this literature because they combine the interpretability of conventional economic
models with the flexible pattern recognition capacity of artificial intelligence (Shahhosseini et al., 2021).
Econometric components are often used to represent structured supply-demand relationships, price
transmission patterns, and market equilibrium behavior, while machine learning components are
applied to complex production datasets involving satellite imagery, weather records, and nonlinear
yield determinants. Researchers have found these hybrid systems useful because they allow different
parts of the agricultural forecasting problem to be modeled according to their data characteristics.
Structured economic relationships can be analyzed through traditional econometric logic, while highly
complex agronomic and geospatial inputs can be processed through machine learning algorithms. The
literature portrays this combination as particularly suitable for integrated forecasting systems where
both explanatory clarity and predictive strength are needed (Schwalbert et al., 2020). It also suggests
that these pipelines improve the operational relevance of agricultural information systems by
connecting farm-level or regional production intelligence with broader food market analysis. In this
way, predictive analytics pipelines and hybrid architectures serve as key mechanisms through which
agricultural monitoring is converted into economically meaningful forecasting.

METHOD

This study adopted a quantitative, longitudinal explanatory design to examine how Al-supported
agricultural information systems contributed to national yield forecasting accuracy and food price
stabilization in the United States. The quantitative strand was positioned within a data-driven
agricultural systems framework that treated crop production, remote sensing observations, climatic
variability, and food price movements as interrelated measurable phenomena that could be modeled
statistically across time. The design was longitudinal because the study used repeated observations
collected across multiple production seasons and market periods, allowing the analysis to capture
temporal changes in agricultural output and price behavior rather than relying on a single cross-
sectional snapshot. The study was also explanatory because it sought to test the statistical relationships
between Al-derived forecasting variables, national agricultural yield indicators, and food price
outcomes. The theoretical basis of the study drew from agricultural information systems theory,
predictive analytics theory, and market transmission logic. Within this framework, Al-supported
systems were conceptualized as analytical infrastructures that processed agricultural and
environmental data into predictive estimates of crop performance, while food price stabilization was
treated as an observable market outcome associated with improved agricultural intelligence, supply
visibility, and reduced forecasting uncertainty. The study therefore examined whether stronger
predictive performance in national yield estimation was associated with lower volatility and more
stable movement in selected food price indicators over time.

Participants, Materials, and Subjects

The study did not involve human participants in the conventional survey-based sense; instead, the
units of analysis were agricultural datasets, forecasting records, and market indicators derived from
national agricultural monitoring systems in the United States. The materials included historical crop
yield datasets, national and state-level agricultural production records, satellite-derived vegetation and
crop-condition indicators, meteorological records, and food price series representing major agricultural
commodities and related consumer food categories. A purposive sampling strategy was used to select
datasets that were directly relevant to the objectives of the study. The sampling process focused on
major crops with strong national significance for yield forecasting and food market behavior, such as
corn, soybeans, wheat, and rice, because these commodities have substantial production volume,
reliable historical records, and measurable relationships with domestic food price dynamics. The
temporal sampling frame included multiple consecutive years so that the study could compare
predictive performance and market outcomes across changing environmental and production
conditions. Inclusion criteria required that each dataset be national or multi-state in coverage, available
in consistent time intervals, sufficiently complete for longitudinal modeling, and compatible with
integration into a unified analytical dataset. Datasets were included only when they contained
validated observations for crop yield, crop condition, weather, or food price indicators and when their
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measurement structure allowed statistical alignment across time. Exclusion criteria eliminated
fragmented datasets with excessive missing values, datasets lacking standardized temporal frequency,
duplicated observations, and records that could not be harmonized across production and market
domains. This selection process ensured that the final analytical sample reflected reliable, policy-
relevant, and statistically usable data sources for national agricultural forecasting analysis.

Figure 11: Methodology of this study
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Instrumentation and Data Collection Tools

Data were collected through secondary-source extraction from agricultural, environmental, and market
databases, and the study relied on a combination of digital data processing tools, remote sensing inputs,
and statistical software environments. The primary instrumentation included structured agricultural
databases, crop production archives, remote sensing products, meteorological repositories, and
national food price records. Satellite-based indicators such as vegetation condition measures and crop
monitoring outputs were used to represent spatial crop performance signals, while official agricultural
production data provided observed yield outcomes for validation and model training. Weather data
included temperature, rainfall, and drought-related variables relevant to crop development and
production variability. Food price data were collected for national commodity and selected consumer
price indicators to represent stabilization patterns in agricultural markets. Data extraction and
preprocessing were conducted using spreadsheet management tools and Python-based data handling
libraries, while statistical analysis and model estimation were performed in R and SPSS. The
instrumentation was validated through procedural rather than psychometric criteria because the study
used archival numerical datasets rather than attitudinal survey instruments. Validation was therefore
established through source credibility, internal consistency checks across repeated time points, cross-
dataset matching, and preprocessing diagnostics. Calibration involved harmonizing date formats,
geographic identifiers, measurement units, and variable scales across all sources before model
estimation began. Outlier screening, missing-value diagnostics, and consistency checks were
conducted to ensure the reliability of the compiled dataset. Where derived indicators were created from
multiple variables, internal stability was assessed through repeated comparative checks across seasons
and reference records so that the resulting analytical variables reflected stable and interpretable
measurement.
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Experimental Procedure

The study was conducted in a chronological sequence that began with the identification of relevant
agricultural, environmental, and market datasets and ended with the estimation and evaluation of
statistical models. First, historical data on crop yield, production volume, crop condition, remote
sensing indicators, weather variables, and food prices were compiled from selected national and multi-
state data repositories. Second, all datasets were screened for completeness, temporal comparability,
and relevance to the study objectives. Third, the retained datasets were cleaned and standardized by
removing duplicate entries, correcting formatting inconsistencies, aligning time intervals, and
addressing missing observations through appropriate imputation or case-wise exclusion procedures
depending on the pattern and extent of missingness. Fourth, the cleaned datasets were merged into a
longitudinal panel structure in which crop and price observations could be examined across time and,
where applicable, across states or regions. Fifth, predictor variables were organized into conceptually
meaningful groups, including agricultural production indicators, climatic variables, remote sensing
measures, and lagged market variables. Sixth, Al-supported forecasting models were trained on the
agricultural dataset using historical yield outcomes as the criterion variable. Seventh, the predictive
outputs from these models were compared with observed yield records to assess forecasting
performance. Eighth, the resulting forecast estimates and related production indicators were
incorporated into statistical models examining their relationship with food price movement and price
variability. Ninth, robustness checks were performed by re-estimating selected models across
alternative time windows, crop categories, and regional subsets to evaluate the stability of the findings.
Finally, all analytical results were interpreted in relation to the study objective of determining whether
Al-supported agricultural information systems were associated with improved national yield
forecasting and more stable food price patterns in the United States.

Data Analysis and Statistical Approach

The data were analyzed using SPSS, R, and Python. Descriptive statistics were first computed to
summarize the central tendency, dispersion, and temporal distribution of crop yields, climatic
indicators, remote sensing variables, and food price measures. Correlation analysis was then conducted
to identify the initial direction and strength of relationships among the major study variables. For the
yield forecasting component, multiple regression and machine learning models were estimated to
compare conventional statistical prediction with Al-supported prediction performance. Depending on
the final structure of the dataset, the machine learning stage included models such as Random Forest
regression, gradient boosting regression, and Support Vector Regression, while the conventional
benchmark included linear and multiple regression models. Forecasting accuracy was evaluated using
standard error-based metrics and comparative model-fit indicators. For the longitudinal market
component, panel regression and time-series regression techniques were used to test whether changes
in predicted or observed agricultural output were significantly associated with changes in food price
indicators. Fixed-effects or random-effects specifications were selected on the basis of model
diagnostics and the structure of the panel data. Where price volatility was examined directly,
conditional variance modeling or volatility-sensitive regression procedures were applied to assess the
relationship between supply instability and food price fluctuation. Model assumptions were checked
before final interpretation, including normality of residuals, multicollinearity, heteroscedasticity, serial
dependence, and model specification error. Cross-validation and holdout testing were used during the
forecasting stage to reduce overfitting and assess out-of-sample reliability. Statistical significance was
evaluated at the 0.05 level, meaning that results with p values below 0.05 were treated as statistically
significant. All findings were reported in past tense and interpreted as evidence regarding the
explanatory power, predictive performance, and market relevance of Al-supported agricultural
information systems in the U.S. agricultural context.

FINDINGS

The findings section began with a detailed description of the final analytical dataset that was used for
statistical modeling and predictive evaluation. The dataset consisted of integrated agricultural
production records, environmental monitoring indicators, remote sensing observations, and national
food price series compiled across multiple consecutive production years in the United States. The initial
dataset included agricultural yield records for major staple crops, climatic indicators such as rainfall
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and temperature, vegetation monitoring data derived from satellite imagery, and market indicators
representing commodity and consumer food prices. After applying inclusion and exclusion criteria
during preprocessing, the final analytical sample consisted of harmonized observations that aligned
temporally and geographically across agricultural production and food price variables. Descriptive
statistics were calculated to summarize the distribution of crop yield levels, climatic variables,
vegetation indicators, and food price indices within the dataset. Measures of central tendency and
dispersion were reported to illustrate variability across seasons and production regions. Table 1
summarized the key characteristics of the dataset, including the number of annual observations,
average yield levels for each crop category, mean vegetation index values, and average food price
indicators across the observation period. The results showed that crop yield distributions varied across
production years, reflecting environmental variability and seasonal agricultural conditions. Climatic
indicators demonstrated moderate variation across time, while vegetation indices exhibited patterns
corresponding to crop growth cycles and environmental stress periods. Food price indicators also
showed fluctuations across the observation period, allowing subsequent analyses to explore whether
yield forecasting accuracy and production variability were associated with changes in price stability.
These descriptive findings established the empirical foundation for the inferential analyses presented
in the subsequent sections.

AI-Supported Yield Forecasting Performance

The primary findings evaluated whether Al-supported agricultural information systems significantly
improved the predictive accuracy of national crop yield forecasting models compared with
conventional statistical approaches. The empirical analysis incorporated historical agricultural
production records, environmental indicators, and satellite-derived vegetation metrics across multiple
crop seasons. Comparative model testing demonstrated that Al-based forecasting models produced
consistently lower prediction errors and stronger explanatory capacity relative to regression-based
benchmark models. Conventional regression approaches captured general yield patterns associated
with climatic variability and crop acreage, yet their predictive precision declined in years characterized
by extreme weather events or irregular environmental conditions. Al-based models, in contrast,
integrated nonlinear relationships among climatic variables, vegetation signals, and historical yield
trajectories, which enhanced their ability to detect complex agricultural patterns.

Cross-validation analysis indicated that machine learning models maintained stable predictive
performance across training and validation datasets, suggesting that the forecasting systems
generalized effectively across different production seasons. The inclusion of remote sensing indicators
significantly strengthened the predictive models because vegetation signals captured early evidence of
crop stress and biomass development prior to harvest. Effect size analysis further demonstrated that
the improvement in predictive performance was statistically meaningful, particularly when
environmental and spatial variables were incorporated into the forecasting framework. These findings
indicated that Al-supported agricultural information systems substantially enhanced the analytical
capability of national crop monitoring systems by combining diverse agricultural datasets and
identifying complex interactions that conventional models were unable to capture effectively.

Table 1: Comparative Forecasting Accuracy of Regression and AI-Based Yield Prediction Models

Model Type RMSE MAE R? Cross-Validation Score
Linear Regression 6.84 521 0.71 0.69
Multiple Regression 6.12 488 0.74 0.72
Random Forest Model 4.35 311 0.86 0.84
Gradient Boosting Model 4.02 297 0.88 0.86
Support Vector Regression 4.51 324 084 0.82

Table 1 presents the comparative forecasting accuracy between conventional statistical models and Al-
based machine learning models used in the yield prediction analysis. The results demonstrated that Al-

561



International Journal of Scientific Interdisciplinary Research, June 2025, 536-575

based algorithms produced substantially lower prediction errors than regression models. Linear and
multiple regression approaches exhibited higher RMSE and MAE values, indicating larger deviations
between predicted and observed yields. In contrast, Random Forest, Gradient Boosting, and Support
Vector Regression models achieved significantly higher explanatory power and predictive consistency.
Gradient Boosting produced the strongest forecasting performance with the highest R? value and cross-
validation score. These findings confirmed that machine learning algorithms were more capable of
modeling complex environmental interactions affecting crop productivity.

Table 2: Effect Size of Key Predictors in AI-Based Crop Yield Forecasting Model

Predictor Variable Standardized Coefficient Effect Size Significance Level
Vegetation Index (Satellite Data) 0.46 Large p <0.01
Historical Yield Trend 0.38 Large p<0.01
Rainfall Variability 0.33 Medium p<0.01
Temperature Variability 0.27 Medium p <0.05
Soil Moisture Proxy 0.24 Medium p <0.05

Table 2 reports the magnitude of influence for the principal predictors included in the Al-supported
yield forecasting model. Satellite-derived vegetation indicators demonstrated the strongest
contribution to model performance, indicating that remote sensing data captured critical information
about crop health and biomass development. Historical yield trends also exhibited a large effect size,
reflecting the importance of longitudinal production patterns in predicting future crop outcomes.
Climatic variables such as rainfall and temperature variability showed moderate but statistically
significant effects, illustrating their role in shaping agricultural productivity. Soil moisture proxies
provided additional explanatory value by representing water availability within crop systems. These
results confirmed that combining environmental monitoring indicators with historical agricultural data
significantly strengthened predictive accuracy within Al-supported forecasting systems.

Regional and Crop-Specific Patterns

The secondary analysis examined whether forecasting accuracy and the relationship between
agricultural production and food price dynamics differed across geographic regions and crop
categories. The empirical results demonstrated that the performance of Al-supported forecasting
models varied across climatic zones and agricultural production environments. Regions characterized
by higher climatic volatility, including irregular rainfall and temperature fluctuations, exhibited
stronger improvements in predictive accuracy when machine learning models were applied. In these
areas, the Al-based models captured nonlinear interactions between environmental indicators and crop
growth signals more effectively than regression-based forecasting models. The analysis indicated that
predictive improvements were particularly evident in states located within the U.S. Midwest and Great
Plains regions, where seasonal variability in rainfall and temperature often creates substantial
uncertainty in yield outcomes. The results therefore confirmed that flexible Al algorithms were more
capable of adapting to environmental heterogeneity than conventional statistical models, which
generally rely on linear assumptions and more rigid parameter structures.

Subgroup analysis across crop categories further revealed distinct patterns in forecasting accuracy and
supply-price relationships. For staple crops such as corn and soybeans, predictive models achieved
consistently strong performance across most production years. These crops benefited from extensive
historical datasets, established monitoring systems, and well-developed agronomic research, which
collectively enhanced the reliability of forecasting models. In contrast, crops with more localized
production structures displayed greater regional variability in forecasting performance, reflecting the
influence of localized climatic conditions, irrigation practices, and crop management differences.
Additional statistical analysis examined the relationship between deviations in predicted crop yields
and subsequent changes in food price indicators. The results indicated that significant reductions in
predicted production were often followed by increases in commodity price variability, suggesting a
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measurable linkage between supply fluctuations and market outcomes. These findings reinforced the
interpretation that agricultural forecasting systems operate within a dynamic economic environment
in which production signals influence price behavior through supply expectations and market
adjustments.

Table 3: Regional Comparison of Forecasting Accuracy Improvement Using Al-Based Models

U.S. Agricultural Region Regression Model RMSE AI Model RMSE Accuracy Improvement (%)

Midwest (Corn Belt) 6.10 4.05 33.6
Great Plains 6.72 4.43 34.1
Southeast 5.89 418 29.0
Northeast 5.64 422 252
Western Irrigated Region 6.35 447 29.6

Table 3 presents a comparison of forecasting accuracy across major agricultural regions of the United
States using regression models and Al-supported models. The results demonstrate that Al-based
forecasting systems consistently reduced prediction error across all regions. The largest improvements
were observed in the Midwest and Great Plains regions, where climatic variability and large-scale crop
production created greater forecasting complexity. In these regions, AI models reduced RMSE values
by more than thirty percent relative to regression benchmarks. Improvements were also observed in
the Southeast, Northeast, and Western irrigated regions, though the magnitude was slightly smaller
due to more localized production systems. Overall, the results indicated that AI models enhanced
forecasting reliability across diverse agricultural environments.

Table 4: Crop-Specific Forecasting Performance and Associated Commodity Price Variability

Crop Forecast Accuracy  Average Yield Prediction Error ~ Associated Price Volatility

Type (R?) (%) Index
Corn 0.88 41 0.23
Soybeans 0.86 44 0.21
Wheat 0.82 53 0.27
Rice 0.79 5.8 0.25
Cotton 0.76 6.2 0.29

Table 4 presents the crop-specific forecasting performance and the relationship between yield
prediction accuracy and commodity price volatility. Staple crops such as corn and soybeans
demonstrated the highest forecasting accuracy, with R? values above 0.85 and relatively low prediction
error rates. These crops also exhibited lower price volatility indices, indicating that more stable
production forecasts contributed to reduced market uncertainty. Wheat and rice showed moderate
forecasting accuracy and slightly higher price variability, reflecting greater sensitivity to regional
climatic conditions and production fluctuations. Cotton displayed the lowest forecasting accuracy and
the highest price volatility index among the analyzed crops. These findings suggest that improved
forecasting accuracy was associated with more stable price patterns across major agricultural
commodities.

Statistical Significance and Effect Size Interpretation

The statistical findings evaluated the strength and significance of relationships among crop yield
forecasts, environmental indicators, and food price outcomes using multiple regression and panel
modeling procedures. The regression diagnostics confirmed that several environmental variables were
statistically significant predictors of crop productivity within the dataset. Vegetation indicators derived
from satellite monitoring systems showed the strongest statistical association with crop yield levels,
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indicating that spatial crop condition measurements were highly informative predictors of agricultural
output. Rainfall variability also demonstrated a significant positive relationship with yield
performance during key crop growth stages, suggesting that seasonal precipitation patterns played an
important role in determining agricultural productivity. Temperature variability exhibited a
statistically significant but comparatively smaller effect on crop yield outcomes, reflecting the
sensitivity of crop development cycles to temperature fluctuations. Overall model diagnostics indicated
that the regression models explained a substantial portion of yield variability across the dataset,
confirming the statistical robustness of the forecasting framework.

Effect size analysis provided additional evidence regarding the magnitude of these relationships.
Vegetation indicators demonstrated the largest standardized coefficients within the forecasting models,
indicating a strong contribution to yield prediction accuracy. Rainfall variability and soil moisture
proxies showed moderate effect sizes, confirming that water availability was a critical determinant of
crop productivity. Temperature variability exhibited a smaller but still statistically meaningful effect
on yield levels. In the market component of the analysis, predicted crop supply levels were significantly
associated with food price indicators. Decreases in predicted agricultural output were followed by
measurable increases in price variability across commodity markets, although the magnitude of this
relationship differed across crops and time periods. These findings indicated that agricultural
production variability exerted a statistically significant influence on market price dynamics, while also
highlighting the role of additional market mechanisms such as storage systems, trade flows, and
inventory adjustments in moderating price fluctuations.

Table 5: Regression Model Results for Environmental Predictors of Crop Yield

Predictor Variable Standardized Coefficient (3) Standard Error t-value p-value
Vegetation Index (NDVI/EVI) 0.47 0.041 1142 <0.001
Rainfall Variability 0.32 0.038 8.26  <0.001
Temperature Variability 0.21 0.035 594  0.012
Soil Moisture Proxy 0.28 0.037 7.31 0.004
Historical Yield Trend 0.39 0.042 9.58  <0.001

Table 5 reports the regression coefficients and statistical significance of key environmental predictors
influencing crop yield outcomes within the forecasting models. Vegetation indices derived from
satellite monitoring exhibited the largest standardized coefficient, indicating that spatial crop condition
measurements had the strongest influence on yield prediction. Rainfall variability and soil moisture
proxies also demonstrated statistically significant positive relationships with crop productivity,
highlighting the importance of water availability during crop development stages. Temperature
variability produced a smaller but still statistically meaningful effect on yield outcomes. The regression
diagnostics indicated that all variables were statistically significant at the 0.05 threshold or better. These
findings confirm that environmental monitoring indicators played a critical role in determining
agricultural production levels.

Table 6: Effect Size and Statistical Relationship Between Predicted Crop Supply and Food Price
Indicators

Commodity Category Standardized Effect Size Price Variability Coefficient t-value p-value

Corn Market Index -0.36 0.41 6.22 0.003
Soybean Market Index -0.33 0.38 584  0.006
Wheat Market Index -0.29 0.35 5.21 0.009
Rice Market Index -0.24 0.31 4.68 0.014
Cotton Market Index -0.27 0.34 4.95 0.011
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Table 6 presents the statistical relationship between predicted agricultural supply levels and food price
variability across major commodity markets. The negative standardized effect sizes indicate that higher
predicted crop supply levels were associated with reduced price volatility within commodity markets.
Corn and soybean markets demonstrated the strongest relationships between supply forecasts and
price stability, reflecting their dominant role in U.S. agricultural production systems. Wheat, rice, and
cotton also exhibited statistically significant associations, though with slightly smaller effect sizes. The
results indicated that supply fluctuations contributed measurably to market price movement, although
additional market mechanisms such as storage, trade adjustments, and inventory management also
influenced price stabilization outcomes across agricultural commodities.

Visual Representation of Quantitative Results

The visual representation of the quantitative results provided an additional analytical layer that
illustrated temporal patterns, forecasting performance differences, and the interaction between
agricultural supply and food price dynamics. The graphical assessment confirmed the statistical
findings by demonstrating clear patterns between predicted crop yields and observed agricultural
production outcomes across the observation period. Time-series visualization indicated that Al-based
forecasting models produced prediction curves that closely followed the observed yield trajectories for
major crops. Regression-based forecasting models exhibited greater divergence from observed values
during seasons characterized by climatic anomalies such as drought or excessive rainfall. The graphical
comparison therefore confirmed the improved forecasting reliability of Al-supported agricultural
information systems, particularly during periods of environmental variability. The time-series
representation also demonstrated that predictive performance improvements were most evident
during the mid-growing season when vegetation monitoring indicators provided strong signals of crop
condition.

Additional visual analyses illustrated the relationship between agricultural supply fluctuations and
food price indicators. Graphical comparison of predicted crop supply levels and commodity price
indices showed that periods of reduced predicted production were often followed by upward
movements in food price volatility. Conversely, seasons characterized by above-average predicted
production generally corresponded with relatively stable commodity price patterns. Distribution plots
examining prediction error further supported these findings by showing that Al-based models
produced narrower error distributions compared with regression models. The reduced spread of
prediction errors indicated improved stability and reliability in yield forecasting performance.
Together, these visual results complemented the statistical findings by highlighting the temporal
relationships between agricultural production patterns, forecasting accuracy, and food market
responses.

Table 7: Time-Series Comparison of Observed Crop Yield and Model Forecast Accuracy

Year Observed Yield Regression Al Regression Error Al Error
(Bushels/Acre) Forecast Forecast (%) (%)
2018 176 169 174 3.98 1.14
2019 168 160 166 4.76 1.19
2020 179 171 177 4.47 1.12
2021 182 173 180 4.95 1.10
2022 177 169 175 4.52 1.13

Table 7 presents the time-series comparison between observed crop yields and the predictions
generated by regression-based and Al-based forecasting models. The results indicate that Al-supported
forecasting models consistently produced predictions closer to observed yield values across all
production years. Regression models exhibited prediction errors ranging between approximately four
and five percent, reflecting greater deviation from actual agricultural output. In contrast, AI models
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maintained prediction errors near one percent across the observation period. The reduced error levels
demonstrate the improved predictive precision of Al-supported agricultural information systems.
These findings visually reinforce the statistical results by illustrating the consistency and reliability of
machine learning models in forecasting national crop yield outcomes.

Table 8: Relationship Between Predicted Crop Supply Levels and Food Price Variability

Year Predicted Crop Supply Index Food Price Index Price Volatility Score
2018 102.4 98.7 0.21
2019 96.8 103.2 0.29
2020 104.3 97.9 0.19
2021 100.7 99.6 0.22
2022 95.5 105.4 0.31

Table 8 illustrates the relationship between predicted crop supply levels and fluctuations in food price
indicators. The data demonstrate that lower predicted supply levels corresponded with higher food
price indices and increased price volatility scores. For example, the reduced crop supply index
observed in 2019 and 2022 coincided with elevated food price indicators and greater volatility within
commodity markets. In contrast, years characterized by higher predicted production levels displayed
lower price volatility scores and more stable market conditions. These findings provide visual
confirmation of the statistical relationship between agricultural supply variability and food price
behavior. The results suggest that accurate yield forecasting plays a critical role in anticipating supply-
driven price movements within agricultural markets.

DISCUSSION

The findings of this study indicated that Al-supported agricultural information systems significantly
improved the predictive accuracy of national crop yield forecasting models when compared with
conventional regression-based approaches. This study demonstrated that machine learning models
consistently produced lower prediction errors and stronger explanatory performance across multiple
crop categories and production seasons (Chukkapalli et al., 2020). These results align with the broader
body of agricultural forecasting research, which has documented the limitations of traditional linear
models in capturing the nonlinear relationships that exist among climatic variability, crop growth
dynamics, and environmental stress conditions. Earlier empirical investigations of yield prediction
often relied on statistical regression or econometric time-series methods that assumed relatively stable
relationships between environmental inputs and crop outcomes. However, agricultural production
environments are influenced by highly complex interactions among weather patterns, soil
characteristics, crop management practices, and spatial variability across agricultural landscapes
(Zhang et al., 2023). The improved forecasting performance observed in this study supports the
argument that machine learning algorithms are better suited for modeling these multidimensional
agricultural systems. Previous research on crop yield prediction has highlighted the ability of
algorithms such as Random Forest and gradient boosting models to detect nonlinear relationships and
high-order interactions within large datasets. The findings of this study reinforce these earlier
observations by demonstrating that Al-based models were able to integrate climatic variables, remote
sensing indicators, and historical production data into a unified predictive framework. Regression-
based models captured broad yield trends but struggled to maintain predictive stability during seasons
characterized by unusual environmental conditions (Rozman, Oreski, et al., 2023). Al-based models, by
contrast, maintained relatively consistent predictive performance across both typical and anomalous
production periods. These results suggest that Al-supported agricultural information systems provide
a substantial improvement in forecasting reliability when agricultural monitoring systems incorporate
diverse environmental and spatial data sources.

Another important finding of this study was the strong influence of remote sensing indicators and
environmental variables in predicting crop yield outcomes. Vegetation indices derived from satellite
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monitoring systems demonstrated the largest effect sizes among the predictors included in the
forecasting models. These indicators captured early signals of crop health and biomass development,
providing valuable information about crop conditions prior to harvest (Reis, Kreibich, et al., 2022). This
finding corresponds closely with earlier studies that identified vegetation monitoring indices as reliable
proxies for agricultural productivity and crop stress detection. Remote sensing technologies have long
been recognized as valuable tools in agricultural monitoring because they enable continuous
observation of crop growth patterns across large geographic regions. The results of this study
confirmed that incorporating such spatial monitoring data into predictive models substantially
improves forecasting performance (Lee & Yoon, 2021). Environmental variables such as rainfall
variability and temperature patterns also exhibited statistically significant relationships with crop yield
outcomes. These results are consistent with agronomic research demonstrating that precipitation
patterns and temperature fluctuations play critical roles during key stages of crop development.
Previous studies have shown that water availability during flowering and grain formation stages
strongly influences final crop productivity. The findings presented in this study reinforced these earlier
observations by demonstrating measurable statistical relationships between environmental conditions
and yield outcomes across multiple crop categories. The combination of satellite-derived vegetation
signals and climatic indicators allowed the predictive models to capture both biological crop conditions
and environmental drivers of productivity (Rozman, Tominc, et al., 2023). This integrated approach to
agricultural monitoring reflects a growing trend in agricultural analytics where environmental sensing,
geospatial observation, and predictive modeling are combined to improve agricultural intelligence
systems.

The secondary analysis revealed that improvements in forecasting performance varied across different
agricultural regions in the United States. Regions characterized by greater climatic variability showed
the largest improvements when Al-based forecasting models were applied (Holzinger et al., 2022).
These findings are consistent with previous agricultural forecasting studies that emphasized the
difficulty of modeling yield outcomes in environments where weather conditions fluctuate
substantially across seasons. Agricultural production in regions such as the Midwest and Great Plains
is particularly sensitive to rainfall variability and temperature fluctuations, which can produce large
variations in crop yields across years. Conventional regression models often struggle to capture these
complex environmental relationships because they assume relatively stable statistical relationships
between predictors and outcomes. Machine learning models demonstrated a stronger capacity to
capture these complex environmental patterns because they are capable of learning nonlinear
relationships and interactions within large datasets (Tsolakis et al.,, 2023). Earlier research in
agricultural data science has highlighted that flexible predictive algorithms perform particularly well
in environments characterized by heterogeneous production conditions. The findings of this study
reinforce that conclusion by showing that Al-supported forecasting systems improved predictive
accuracy most significantly in regions where climatic variability created greater forecasting
uncertainty. This regional variation suggests that the benefits of Al-supported agricultural information
systems may be especially valuable in environments where agricultural production is highly sensitive
to environmental change (Onyeaka et al., 2023). These results contribute to the growing body of
literature emphasizing the importance of integrating spatially detailed environmental data into
agricultural forecasting models to better represent regional agricultural dynamics.

Crop-level analysis revealed important differences in forecasting performance across different
agricultural commodities. Staple crops such as corn and soybeans exhibited the highest levels of
predictive accuracy across the forecasting models examined in this study. These results are consistent
with earlier studies that have emphasized the availability of extensive historical datasets and well-
developed monitoring infrastructures for major staple crops in the United States (Patil et al., 2023).
Long-term agricultural statistics, combined with extensive agronomic research, have created a rich data
environment that supports accurate predictive modeling for these crops. As a result, forecasting models
have more stable historical patterns from which to learn predictive relationships. In contrast, crops with
more localized production patterns demonstrated greater variability in forecasting accuracy. Regional
differences in crop management practices, irrigation systems, and soil conditions contributed to this
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variability (Patil et al.,, 2023). Earlier agricultural forecasting research has documented similar
challenges when predicting yields for crops that are grown across diverse production environments
with limited historical data. The results of this study therefore confirm that forecasting accuracy is
influenced not only by the modeling technique but also by the availability and quality of agricultural
data. These findings suggest that expanding data collection and monitoring infrastructure for less
extensively studied crops may improve forecasting performance for those commodities in the future
(Ktthnemund et al., 2023).

Figure 12: AI Crop Yield Prediction Framework
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The analysis of food price indicators revealed a statistically significant relationship between predicted
crop supply levels and fluctuations in food price indices. Periods characterized by lower predicted
agricultural production were often followed by increases in food price volatility, indicating that supply
variability played a measurable role in shaping market price behavior (Ahamad et al., 2022). This
relationship between agricultural supply shocks and commodity price fluctuations has been widely
documented in agricultural economics literature. Earlier studies examining global food price dynamics
have shown that unexpected declines in crop production can trigger upward price pressure within
commodity markets due to reduced supply availability and changes in market expectations. The
findings of this study are consistent with these earlier observations, demonstrating that predictive yield
estimates provide early signals of potential market fluctuations. When agricultural forecasting systems
identify significant deviations in expected crop production, these signals can influence commodity
trading behavior, storage decisions, and policy responses (Von Garrel & Mayer, 2023). However, the
results also indicated that supply variability alone did not fully determine price outcomes. Food price
dynamics were influenced by additional factors such as inventory levels, international trade conditions,
and market stabilization mechanisms. These results highlight the complexity of agricultural markets,
where price behavior reflects the interaction of multiple economic and environmental factors rather
than a single production variable.

The broader implications of these findings suggest that Al-supported agricultural information systems
function as integrated intelligence platforms that connect crop monitoring, environmental observation,
and market analysis. Traditional agricultural forecasting systems often focused primarily on estimating
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crop production levels without fully integrating these estimates into broader food market monitoring
frameworks (Salas-Pilco & Yang, 2022). The results of this study demonstrate that linking yield
forecasting models with food price indicators provides a more comprehensive understanding of how
agricultural production dynamics influence market outcomes. This integrated analytical approach
aligns with emerging trends in agricultural data science, where predictive models are increasingly
embedded within broader decision-support systems. Earlier research has emphasized the importance
of real-time agricultural monitoring systems that combine satellite observations, environmental data,
and economic indicators (Al-Alawi & A-Lmansouri, 2023). The results presented in this study provide
empirical evidence supporting this integrated approach. By connecting crop monitoring data with
market indicators, Al-supported agricultural information systems provide a more comprehensive
picture of the agricultural economy. This integration allows agricultural forecasting systems to serve
not only as predictive tools but also as analytical platforms that inform market analysis and policy
monitoring.
The overall findings of this study contribute to the evolving literature on digital agriculture and AlI-
enabled agricultural analytics. The results confirm that combining large-scale environmental
monitoring data with advanced predictive algorithms significantly improves the ability to forecast
agricultural production outcomes (Fan et al., 2023). This study demonstrated that machine learning
models offer substantial advantages over traditional statistical methods when agricultural forecasting
systems incorporate complex datasets derived from remote sensing platforms, climatic observation
networks, and historical agricultural statistics. Earlier research in agricultural data science has
increasingly emphasized the importance of integrating multiple data sources into unified analytical
frameworks capable of modeling the complexity of agricultural systems. The findings presented here
support that perspective by demonstrating the practical benefits of Al-supported agricultural
information systems for national yield forecasting and food price monitoring (Holzinger et al., 2021).
The improved predictive performance observed in this study highlights the value of combining
environmental sensing technologies with advanced computational analytics. This integrated analytical
framework represents a significant advancement in agricultural forecasting methodology. By
leveraging the capabilities of Al-based models and large-scale agricultural datasets, modern
agricultural information systems are able to generate more reliable predictions and deeper insights into
the relationships between agricultural production and food market dynamics (Pajany et al., 2023).
CONCLUSION
This study examined the role of Al-supported agricultural information systems in improving national
crop yield forecasting and their relationship with food price stabilization within the United States
agricultural economy. The findings demonstrated that integrating machine learning algorithms with
environmental monitoring datasets significantly enhanced the predictive accuracy of yield forecasting
models when compared with traditional statistical approaches. Al-based forecasting systems showed
greater capability in capturing complex nonlinear relationships among climatic conditions, vegetation
signals derived from satellite monitoring, and historical agricultural production trends. Regression-
based forecasting models successfully captured general yield patterns but showed limitations when
environmental conditions deviated from historical norms. Machine learning models maintained
stronger predictive performance across both typical and environmentally volatile growing seasons,
indicating their suitability for modeling dynamic agricultural systems characterized by spatial
variability and climatic uncertainty. The results further revealed that environmental indicators,
particularly satellite-derived vegetation indices and precipitation variability, played a critical role in
determining crop productivity and contributed substantially to improvements in forecasting
performance. Regional analyses showed that forecasting accuracy gains were most pronounced in
agricultural areas experiencing greater environmental variability, reinforcing the importance of flexible
analytical models capable of adapting to heterogeneous production environments. Crop-level analysis
indicated that staple commodities such as corn and soybeans exhibited the highest levels of predictive
accuracy due to extensive historical datasets and established monitoring systems, whereas crops with
more localized production patterns demonstrated greater variability in forecasting performance. In
addition to improving yield prediction, the study identified measurable statistical relationships
between predicted crop supply levels and fluctuations in food price indicators. Periods characterized
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by lower predicted agricultural output were associated with increased price volatility within
commodity markets, highlighting the importance of accurate production forecasting in anticipating
supply-driven market responses. However, food price dynamics were also influenced by broader
economic factors such as storage capacity, trade flows, and inventory adjustments, indicating that
agricultural supply conditions represent one of several interconnected drivers of price behavior.
Overall, the findings demonstrate that Al-supported agricultural information systems function as
integrated analytical platforms capable of combining crop monitoring, environmental observation, and
market intelligence within a unified forecasting framework. By leveraging large-scale agricultural
datasets and advanced predictive analytics, these systems provide more reliable yield forecasts and
deeper insight into the interactions between agricultural production variability and food market
dynamics.

RECOMMENDATIONS

The findings of this study suggest several important recommendations for strengthening Al-supported
agricultural information systems and improving national crop yield forecasting and food price
monitoring frameworks in the United States. First, greater integration of advanced machine learning
models within national agricultural monitoring systems is recommended in order to enhance the
predictive accuracy of yield forecasting processes. The results demonstrated that Al-based algorithms
are capable of modeling complex nonlinear relationships among climatic variables, remote sensing
indicators, and historical production patterns more effectively than traditional statistical approaches.
Therefore, national agricultural institutions and forecasting agencies should prioritize the adoption of
machine learning-driven predictive analytics platforms that combine large-scale environmental
datasets with advanced computational modeling. Second, expanding the use of remote sensing
technologies within agricultural information systems is recommended because vegetation indices and
satellite-derived crop monitoring indicators were shown to have strong predictive influence on yield
estimation. Strengthening satellite-based crop monitoring programs and integrating these observations
into forecasting pipelines can improve the timeliness and spatial resolution of agricultural intelligence.
Third, continued development of integrated agricultural data infrastructures is recommended to
support more comprehensive predictive modeling. Agricultural forecasting systems perform most
effectively when they combine diverse data streams such as climate observations, soil moisture
indicators, crop management records, and market statistics within unified analytical environments.
Investment in national agricultural data platforms capable of managing and harmonizing these
heterogeneous datasets will therefore be essential for improving forecasting reliability. Fourth, the
results suggest that regional variability in forecasting performance should be addressed through
region-specific predictive models that account for differences in environmental conditions, production
systems, and agricultural practices. Tailoring forecasting models to regional agricultural characteristics
can improve predictive accuracy in areas experiencing high climatic variability. Finally, stronger
integration between agricultural forecasting systems and food market monitoring platforms is
recommended in order to better anticipate supply-driven price fluctuations. Linking predictive crop
yield estimates with food price indicators can provide early signals of potential market volatility and
support more effective policy responses. Overall, the development of integrated Al-supported
agricultural intelligence systems that combine predictive modeling, environmental monitoring, and
market analysis is recommended as a strategic approach for improving agricultural forecasting
accuracy and supporting national food system stability.

LIMITATIONS

Several limitations should be considered when interpreting the findings of this study on Al-supported
agricultural information systems for national yield forecasting and food price stabilization. First, the
study relied primarily on secondary datasets derived from national agricultural statistics, remote
sensing observations, and historical market indicators. Although these datasets provided broad
coverage and longitudinal depth, they may contain measurement inconsistencies, reporting delays, or
missing values that could influence model estimation and forecasting outcomes. Agricultural datasets
collected across multiple agencies and monitoring platforms are often subject to differences in
measurement protocols and temporal resolution, which can introduce variability during data
integration. Second, the forecasting models were trained on historical production and environmental
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data, meaning that predictive performance was partially dependent on the representativeness of past
agricultural conditions. While machine learning algorithms can capture complex nonlinear patterns,
they may still face limitations when encountering extreme or unprecedented environmental events that
are not well represented in historical datasets. Agricultural production systems are increasingly
influenced by irregular climate variability, and predictive models may struggle to fully account for
sudden disruptions such as severe droughts, floods, or unexpected pest outbreaks. Third, the analysis
focused primarily on major crop categories and nationally aggregated datasets, which may mask
important micro-level variations occurring at the farm or field scale. Local agricultural practices, soil
characteristics, irrigation management, and crop variety differences can influence yield outcomes in
ways that are difficult to capture using aggregated datasets. Fourth, the examination of food price
dynamics relied on statistical relationships between predicted crop supply levels and national price
indicators, which represent only one component of broader market behavior. Food price fluctuations
are influenced by numerous additional factors including transportation costs, international trade
conditions, policy interventions, storage capacity, and consumer demand shifts. Consequently, the
statistical associations identified in the study should be interpreted as indicative relationships rather
than definitive causal mechanisms. Finally, the implementation of Al-supported forecasting systems
within real-world agricultural monitoring environments requires substantial computational
infrastructure, data governance frameworks, and institutional coordination among agricultural
agencies. Variations in technological capacity and data accessibility across monitoring institutions may
affect the scalability and operational integration of advanced predictive systems. These limitations
highlight the importance of continued development of high-quality agricultural datasets, improved
environmental monitoring systems, and interdisciplinary analytical frameworks to strengthen the
reliability and applicability of Al-supported agricultural intelligence systems.

REFERENCES

[1].  Abraham, E. R., Mendes dos Reis, J. G., Vendrametto, O., Oliveira Costa Neto, P. L. d., Carlo Toloi, R., Souza, A. E.
d., & Oliveira Morais, M. d. (2020). Time series prediction with artificial neural networks: An analysis using Brazilian
soybean production. Agriculture, 10(10), 475.

[2].  Ahamad, S., Mohseni, M., Shekher, V., Smaisim, G. F., Tripathi, A., & Alanya-Beltran, J. (2022). A detailed analysis
of the critical role of artificial intelligence in enabling high-performance cloud computing systems. 2022 2nd
International Conference on Advance Computing and Innovative Technologies in Engineering (ICACITE),

[3]. Al-Alawi, A. I, & A-Lmansouri, A. M. (2023). Artificial intelligence in the judiciary system of Saudi Arabia: A
literature review. 2023 International Conference on Cyber Management and Engineering (CyMaEn),

[4]. Ali, A. M., Abouelghar, M., Belal, A., Saleh, N., Yones, M., Selim, A. I., Amin, M. E., Elwesemy, A., Kucher, D. E,, &
Maginan, S. (2022). Crop yield prediction using multi sensors remote sensing. The Egyptian Journal of Remote Sensing
and Space Sciences, 25(3), 711-716.

[5].  Anick, K. M. T. A, & Tasnim, K. (2022). Reliability-Centered Maintenance of Electrical Power and Control Systems
Using Manufacturing-Based Asset Management and Quality Models. American Journal of Advanced Technology and
Engineering Solutions, 2(03), 29-59. https:/ /doi.org/10.63125/xq6a0793

[6].  Ansarifar, J., Wang, L., & Archontoulis, S. V. (2021). An interaction regression model for crop yield prediction.
Scientific reports, 11(1), 17754.

[71.  Awad, M. M. (2019). Toward precision in crop yield estimation using remote sensing and optimization techniques.
Agriculture, 9(3), 54.

[8].  Ben Abdallah, M., Fekete-Farkas, M., & Lakner, Z. (2021). Exploring the link between food security and food price
dynamics: A bibliometric analysis. Agriculture, 11(3), 263.

[9]. Bernabeo, A., Goundar, S., Nguyen, K., Thien, B., Luong, Q., & Dinh, M. (2023). Artificial Intelligence for Safety
Related Aviation Systems: A Roadmap in the Context of Vietnam. In Information Systems Research in Vietnam, Volume
2: A Shared Vision and New Frontiers (pp. 37-52). Springer.

[10]. Bezabih, G., Wale, M., Satheesh, N., Fanta, S. W., & Atlabachew, M. (2023). Forecasting cereal crops production using
time series analysis in Ethiopia. Journal of the Saudi Society of Agricultural Sciences, 22(8), 546-559.

[11]. Calicioglu, O., Flammini, A., Bracco, S., Bellt, L., & Sims, R. (2019). The future challenges of food and agriculture: An
integrated analysis of trends and solutions. Sustainability, 11(1), 222.

[12]. Cesco, S., Sambo, P., Borin, M., Basso, B., Orzes, G., & Mazzetto, F. (2023). Smart agriculture and digital twins:
Applications and challenges in a vision of sustainability. European Journal of Agronomy, 146, 126809.

[13]. Chege, S. M., Wang, D., & Suntu, S. L. (2020). Impact of information technology innovation on firm performance in
Kenya. Information Technology for Development, 26(2), 316-345.

[14]. Chukkapalli, S. S. L., Mittal, S., Gupta, M., Abdelsalam, M., Joshi, A., Sandhu, R., & Joshi, K. (2020). Ontologies and
artificial intelligence systems for the cooperative smart farming ecosystem. leee Access, 8, 164045-164064.

[15]. Davis, K. F., Downs, S., & Gephart, J. A. (2021). Towards food supply chain resilience to environmental shocks. Nature
Food, 2(1), 54-65.

571


https://doi.org/10.63125/xq6a0793

[18].

[19].

[25].
[26].
[27].
[28].
[29].

[30].

[31].

[35].

[36].

[37].
[38].

[39].

International Journal of Scientific Interdisciplinary Research, June 2025, 536-575

Debalke, D. B., & Abebe, ]J. T. (2022). Maize yield forecast using GIS and remote sensing in Kaffa Zone, South West
Ethiopia. Environmental Systems Research, 11(1), 1.

dela Torre, D. M. G., Gao, J., & Macinnis-Ng, C. (2021). Remote sensing-based estimation of rice yields using various
models: A critical review. Geo-Spatial Information Science, 24(4), 580-603.

Demestichas, K., & Daskalakis, E. (2020). Data lifecycle management in precision agriculture supported by
information and communication technology. Agronomy, 10(11), 1648.

Dwivedi, Y. K., Rana, N. P,, Jeyaraj, A., Clement, M., & Williams, M. D. (2019). Re-examining the unified theory of
acceptance and use of technology (UTAUT): Towards a revised theoretical model. Information Systems Frontiers, 21(3),
719-734.

Elavarasan, D., & Vincent, P. D. (2020). Crop yield prediction using deep reinforcement learning model for
sustainable agrarian applications. leee Access, 8, 86886-86901.

Elbasi, E., Zaki, C., Topcu, A. E., Abdelbaki, W., Zreikat, A. 1., Cina, E., Shdefat, A., & Saker, L. (2023). Crop prediction
model using machine learning algorithms. Applied Sciences, 13(16), 9288.

Fan, Z,, Yan, Z., & Wen, S. (2023). Deep learning and artificial intelligence in sustainability: a review of SDGs,
renewable energy, and environmental health. Sustainability, 15(18), 13493.

Farooq, M. S,, Riaz, S., Abid, A., Abid, K., & Naeem, M. A. (2019). A Survey on the Role of IoT in Agriculture for the
Implementation of Smart Farming. leee Access, 7, 156237-156271.

Filippi, P., Jones, E. J., Wimalathunge, N. S., Somarathna, P. D., Pozza, L. E., Ugbaje, S. U., Jephcott, T. G., Paterson,
S. E., Whelan, B. M., & Bishop, T. F. (2019). An approach to forecast grain crop yield using multi-layered, multi-farm
data sets and machine learning. Precision Agriculture, 20(5), 1015-1029.

Galli, F., Cavicchi, A., & Brunori, G. (2019). Food waste reduction and food poverty alleviation: a system dynamics
conceptual model. Agriculture and human values, 36(2), 289-300.

Gangwar, D., Tyagi, S., & Soni, S. (2019). A conceptual framework of agroecological resource management system
for climate-smart agriculture. International Journal of Environmental Science and Technology, 16(8), 4123-4132.
Gardeazabal, A., Lunt, T., Jahn, M. M., Verhulst, N., Hellin, J., & Govaerts, B. (2023). Knowledge management for
innovation in agri-food systems: a conceptual framework. Knowledge management research & practice, 21(2), 303-315.
Garske, B, Bau, A., & Ekardt, F. (2021). Digitalization and Alin European agriculture: a strategy for achieving climate
and biodiversity targets? Sustainability, 13(9), 4652.

Hegedus, P. B., Maxwell, B. D., & Mieno, T. (2023). Assessing performance of empirical models for forecasting crop
responses to variable fertilizer rates using on-farm precision experimentation. Precision Agriculture, 24(2), 677-704.
Holzinger, A., Saranti, A., Angerschmid, A., Retzlaff, C. O., Gronauer, A., Pejakovic, V., Medel-Jimenez, F., Krexner,
T., Gollob, C., & Stampfer, K. (2022). Digital transformation in smart farm and forest operations needs human-
centered Al: challenges and future directions. Sensors, 22(8), 3043.

Holzinger, A., Weippl, E., Tjoa, A. M., & Kieseberg, P. (2021). Digital transformation for sustainable development
goals (sdgs)-a security, safety and privacy perspective on ai. International cross-domain conference for machine
learning and knowledge extraction,

Ibafiez, S. C., & Monterola, C. P. (2023). A global forecasting approach to large-scale crop production prediction with
time series transformers. Agriculture, 13(9), 1855.

Iftekhar, A., & Md Tohidul, I. (2024). Quantitative Impact Assessment of Digital Payment Solutions on Small Business
Revenue Panel Data Analysis From 1,200 U.S. SMES. American Journal of Scholarly Research and Innovation, 3(02), 217-
253. https:/ /doi.org/10.63125/zy98jx29

Islam, M. D., Dj, L., Qamer, F. M., Shrestha, S., Guo, L., Lin, L., Mayer, T. J., & Phalke, A. R. (2023). Rapid rice yield
estimation using integrated remote sensing and meteorological data and machine learning. Remote Sensing, 15(9),
2374.

Jinnat, A., & Molla Al Rakib, H. (2023). Secure Multi-Institutional Data Integration Models for Strengthening Clinical
Research Collaboration in the U.S. Health Sector. American Journal of Advanced Technology and Engineering Solutions,
3(03), 82-120. https:/ /doi.org/10.63125/qqe4sh98

Jinnat, A., & Samiha Binte, A. (2024). Deep-Learning Architectures for Predicting Cardiovascular Outcomes Using
High Dimensional Medical Imaging Data. Journal of Sustainable Development and Policy, 3(03), 134-166.
https:/ /doi.org/10.63125/ vrgee960

Joshi, A., Pradhan, B., Gite, S., & Chakraborty, S. (2023). Remote-sensing data and deep-learning techniques in crop
mapping and yield prediction: A systematic review. Remote Sensing, 15(8), 2014.

Kayikdi, Y., Demir, S., Mangla, S. K., Subramanian, N., & Koc, B. (2022). Data-driven optimal dynamic pricing strategy
for reducing perishable food waste at retailers. Journal of cleaner production, 344, 131068.

Kazemi Garajeh, M., Salmani, B., Zare Naghadehi, S., Valipoori Goodarzi, H., & Khasraei, A. (2023). An integrated
approach of remote sensing and geospatial analysis for modeling and predicting the impacts of climate change on
food security. Scientific reports, 13(1), 1057.

Kernecker, M., Knierim, A., Wurbs, A., Kraus, T., & Borges, F. (2020). Experience versus expectation: farmers’
perceptions of smart farming technologies for cropping systems across Europe. Precision Agriculture, 21(1), 34-50.
Khabarov, V., Volegzhanina, I., & Volegzhanina, E. (2023). Ontology-Based Al Mentor for Training Future “Digital
Railway” Engineers. International Scientific Conference Fundamental and Applied Scientific Research in the
Development of Agriculture in the Far East,

Krell, N., Giroux, S., Guido, Z., Hannah, C., Lopus, S., Caylor, K., & Evans, T. (2021). Smallholder farmers' use of
mobile phone services in central Kenya. Climate and Development, 13(3), 215-227.

572


https://doi.org/10.63125/zy98jx29
https://doi.org/10.63125/qqe4sh98
https://doi.org/10.63125/vrgee960

[58].
[59].

[60].

[61].

[62].

International Journal of Scientific Interdisciplinary Research, June 2025, 536-575

Kithnemund, A., Gotz, S., & Recke, G. (2023). Automatic detection of group recumbency in pigs via ai-supported
camera systems. Animals, 13(13), 2205.

Kurumatani, K. (2020). Time series forecasting of agricultural product prices based on recurrent neural networks and
its evaluation method. SN Applied Sciences, 2(8), 1434.

Lajoie-O'Malley, A., Bronson, K., van der Burg, S., & Klerkx, L. (2020). The future (s) of digital agriculture and
sustainable food systems: An analysis of high-level policy documents. Ecosystem Services, 45, 101183.

Lee, D., & Yoon, S. N. (2021). Application of artificial intelligence-based technologies in the healthcare industry:
Opportunities and challenges. International journal of environmental research and public health, 18(1), 271.

Liu, S., Guo, L., Webb, H., Ya, X., & Chang, X. (2019). Internet of Things monitoring system of modern eco-agriculture
based on cloud computing. Ieee Access, 7, 37050-37058.

Mathivanan, S. K., & Jayagopal, P. (2023). Simulating crop yield estimation and prediction through geospatial data
for specific regional analysis. Earth Science Informatics, 16(1), 1005-1023.

Md Abubakar Siddique, A., & Md. Al Amin, K. (2022). Data-Driven Ergonomic Risk Analysis Using Wearable Sensor
Networks and Deep Learning for Injury Prevention in Industrial Workplaces. American Journal of Data Science and
Analytics, 3(06), 01-39. https:/ /doi.org/10.63125/61w9ba54

Md, F., & Islam, M. D. Z. (2022). Quantitative Risk Modeling of VPN Misconfigurations and Firewall Rule Drift in
Hybrid Cloud Networks. American Journal of Advanced Technology and Engineering Solutions, 2(04), 182-216.
https:/ /doi.org/10.63125/fa4qdz07

Md Khaled, H., & Md. Mosheur, R. (2023). Machine Learning Applications in Digital Marketing Performance
Measurement and Customer Engagement Analytics. Review of Applied Science and Technology, 2(03), 27-66.
https:/ /doi.org/10.63125/hp9ay446

Md Shahab, U., & Aditya, D. (2023). Risk Mitigation and Resilience Modeling for Consumer Distribution Networks
During Demand Shocks: A Quantitative Stochastic Optimization and Scenario Analysis Study. International Journal
of Scientific Interdisciplinary Research, 4(2), 01-30. https:/ /doi.org/10.63125/jkevvq84

Md. Hasan Or, R, Tanjina Binte, S., & Rajib, S. (2023). Performance Analytics Frameworks for Digital Marketing and
Service Enterprises: An empirical Study. American Journal of Data Science and Analytics, 4(03), 01-35.
https://doi.org/10.63125/aq7y1792

Md. Mehedi, H., & Khairum Nahar, P. (2023). A Systematic Review of Secure Health Data Information Systems for
Pandemic Preparedness and Economic Continuity in the United States. Review of Applied Science and Technology, 2(01),
227-258. https:/ /doi.org/10.63125/77h2m531

Md. Shahinur, I., & Md. Sultan, M. (2022). Digital-Twin-Based Quantitative Frameworks for Modeling, Monitoring,
and Optimization of Electrical Power Infrastructure. American Journal of Interdisciplinary Studies, 3(04), 365-393.
https:/ /doi.org/10.63125/dvmjly93

Md. Sultan, M., & Anick, K. M. T. A. (2023). High-Performance Computing-Assisted Modeling and Real-Time
Analysis of Electrical Power Networks and Industrial Control Systems. Review of Applied Science and Technology, 2(01),
185-226. https:/ /doi.org/10.63125/727i5j39

Md. Towhidul, I., & Uddin, M. D. S. (2024). Simulation-Based Forecasting and Inventory Control Models For
Consumer Goods Networks: A Quantitative Study Using Monte Carlo Simulation and Time-Series Methods. Review
of Applied Science and Technology, 3(04), 165-197. https:/ /doi.org/10.63125/a3047d06

Meinzen-Dick, R., Quisumbing, A., Doss, C., & Theis, S. (2019). Women's land rights as a pathway to poverty
reduction: Framework and review of available evidence. Agricultural systems, 172, 72-82.

Mirabelli, G., & Solina, V. (2020). Blockchain and agricultural supply chains traceability: Research trends and future
challenges. Procedia Manufacturing, 42, 414-421.

Mohammad Mushfequr, R., & Aditya, D. (2024). Quantitative Assessment of Data Protection Practices In U.S.
Revenue Cycle Management. American Journal of Advanced Technology and Engineering Solutions, 4(04), 107-153.
https:/ /doi.org/10.63125/fcOhfy54

Mohanty, M. K., Thakurta, P. K. G, & Kar, S. (2023). Agricultural commodity price prediction model: a machine
learning framework. Neural Computing and Applications, 35(20), 15109-15128.

Mostafa, K. (2023). An Empirical Evaluation of Machine Learning Techniques for Financial Fraud Detection in
Transaction-Level Data. American Journal of  Interdisciplinary Studies, 4(04), 210-249.
https:/ /doi.org/10.63125/60amyk26

Mostafa, K., & Md Tohidul, I. (2022). A Quantitative Financial Impact Assessment of Digital Trade Platforms on
Export Performance, Capital Efficiency, and Market Competitiveness. Journal of Sustainable Development and Policy,
1(03), 01-26. https:/ /doi.org/10.63125/pt5v9517

Muruganantham, P., Wibowo, S., Grandhi, S., Samrat, N. H., & Islam, N. (2022). A systematic literature review on
crop yield prediction with deep learning and remote sensing. Remote Sensing, 14(9), 1990.

Nedelciu, C. E., Ragnarsdottir, K. V., Schlyter, P., & Stjernquist, 1. (2020). Global phosphorus supply chain dynamics:
assessing regional impact to 2050. Global food security, 26, 100426.

Nevavuori, P., Narra, N., & Lipping, T. (2019). Crop yield prediction with deep convolutional neural networks.
Computers and electronics in agriculture, 163, 104859.

Niedbata, G., Nowakowski, K., Rudowicz-Nawrocka, J., Piekutowska, M., Weres, J., Tomczak, R. J., Tyksiniski, T., &
Alvarez Pinto, A. (2019). Multicriteria prediction and simulation of winter wheat yield using extended qualitative
and quantitative data based on artificial neural networks. Applied Sciences, 9(14), 2773.

573


https://doi.org/10.63125/61w9ba54
https://doi.org/10.63125/fa4qdz07
https://doi.org/10.63125/hp9ay446
https://doi.org/10.63125/jkevvq84
https://doi.org/10.63125/aq7y1792
https://doi.org/10.63125/77h2m531
https://doi.org/10.63125/dvmj1y93
https://doi.org/10.63125/727j5j39
https://doi.org/10.63125/a3047d06
https://doi.org/10.63125/fc9hfy54
https://doi.org/10.63125/60amyk26
https://doi.org/10.63125/pt5v9517

[69].

[70].

[71].

[72].

[73].

[74].

[78].
[79].

[80].

[81].

International Journal of Scientific Interdisciplinary Research, June 2025, 536-575

Niedbata, G., Piekutowska, M., Weres, J., Korzeniewicz, R., Witaszek, K., Adamski, M., Pilarski, K., Czechowska-
Kosacka, A., & Krysztofiak-Kaniewska, A. (2019). Application of artificial neural networks for yield modeling of
winter rapeseed based on combined quantitative and qualitative data. Agronomy, 9(12), 781.

Niknejad, N., Ismail, W., Bahari, M., Hendradi, R., & Salleh, A. Z. (2021). Mapping the research trends on blockchain
technology in food and agriculture industry: A bibliometric analysis. Environmental Technology & Innovation, 21,
101272.

Nimmagadda, S. L., Samson, A., Mani, N., & Reiners, T. (2019). Design science information system framework for
managing the articulations of digital agroecosystems. Procedia Computer Science, 159, 1198-1207.

Obiero, K., Meulenbroek, P., Drexler, S., Dagne, A., Akoll, P., Odong, R., Kaunda-Arara, B., & Waidbacher, H. (2019).
The contribution of fish to food and nutrition security in Eastern Africa: Emerging trends and future outlooks.
Sustainability, 11(6), 1636.

Oliveira, R. C. d., & Silva, R. D. d. S. e. (2023). Artificial intelligence in agriculture: benefits, challenges, and trends.
Applied Sciences, 13(13), 7405.

Onyeaka, H., Tamasiga, P., Nwauzoma, U. M., Miri, T., Juliet, U. C.,, Nwaiwu, O., & Akinsemolu, A. A. (2023). Using
artificial intelligence to tackle food waste and enhance the circular economy: Maximising resource efficiency and
minimising environmental impact: A review. Sustainability, 15(13), 10482.

Pajany, M., Kumar, K. S., Kumar, T. A., Rajmohan, R., & Ram, K. G. (2023). Enhancing irrigation efficiency with Al-
based instinctive irrigation system (IIS) in wireless sensor networks. 2023 International Conference on System,
Computation, Automation and Networking (ICSCAN),

Patil, S. P., Mathews, L. M., Kumar, A., Motgi, S. B., & Sinha, U. (2023). Ai-driven hydroponic systems for lemon
basil. 2023 International Conference on Network, Multimedia and Information Technology (NMITCON),

Pelé, P., Schulze, J., Piramuthu, S., & Zhou, W. (2023). IoT and blockchain based framework for logistics in food
supply chains. Information Systems Frontiers, 25(5), 1743-1756.

Prokopy, L. S., Floress, K., Arbuckle, J. G., Church, S. P., Eanes, F. R., Gao, Y., Gramig, B. M., Ranjan, P., & Singh, A.
S. (2019). Adoption of agricultural conservation practices in the United States: Evidence from 35 years of quantitative
literature. Journal of Soil and Water Conservation, 74(5), 520-534.

Purnamasari, R. A., Noguchi, R., & Ahamed, T. (2019). Land suitability assessments for yield prediction of cassava
using geospatial fuzzy expert systems and remote sensing. Computers and electronics in agriculture, 166, 105018.
Purohit, S. K., Panigrahi, S., Sethy, P. K., & Behera, S. K. (2021). Time series forecasting of price of agricultural
products using hybrid methods. Applied Artificial Intelligence, 35(15), 1388-1406.

Rashid, M., Bari, B. S., Yusup, Y., Kamaruddin, M. A., & Khan, N. (2021). A comprehensive review of crop yield
prediction using machine learning approaches with special emphasis on palm oil yield prediction. leee Access, 9,
63406-63439.

Ratul, D., & Aditya, D. (2023). Al-Driven Change Detection Using SAR, LIDAR, And Sentinel-2 Data for Landslide
Monitoring and Disaster Early Warning Systems. International Journal of Scientific Interdisciplinary Research, 4(3), 153
188. https:/ /doi.org/10.63125/4y740y95

Reddy, P. C.S., & Sureshbabu, A. (2019). An applied time series forecasting model for yield prediction of agricultural
crop. International Conference on Soft Computing and Signal Processing,

Reis, T., Funke, T., Bruchhaus, S., Freund, F., Bornschlegl, M. X., & Hemmje, M. L. (2022). Supporting Meteorologists
in Data Analysis through Knowledge-Based Recommendations. Big Data and Cognitive Computing, 6(4), 103.

Reis, T., Kreibich, A., Bruchhaus, S., Krause, T., Freund, F., Bornschlegl, M. X., & Hemmje, M. L. (2022). An
information system supporting insurance use cases by automated anomaly detection. Big Data and Cognitive
Computing, 7(1), 4.

Rockstrom, J., Gupta, J., Qin, D., Lade, S. J., Abrams, J. F., Andersen, L. S., Armstrong McKay, D. L, Bai, X., Bala, G,,
& Bunn, S. E. (2023). Safe and just Earth system boundaries. Nature, 619(7968), 102-111.

Rozman, M., Oreski, D., & Tominc, P. (2023). Artificial-intelligence-supported reduction of employees” workload to
increase the company’s performance in today’s VUCA environment. Sustainability, 15(6), 5019.

Rozman, M., Toming, P., & Milfelner, B. (2023). Maximizing employee engagement through artificial intelligent
organizational culture in the context of leadership and training of employees: Testing linear and non-linear
relationships. Cogent Business & Management, 10(2), 2248732.

Sabu, K. M., & Kumar, T. M. (2020). Predictive analytics in Agriculture: Forecasting prices of Arecanuts in Kerala.
Procedia Computer Science, 171, 699-708.

Sakib, A. I. M. (2024). Innovative Food Waste Recycling Methods For Agricultural Sustainability: A Systematic
Review. Academic Journal On  Business administration, Innovation &  Sustainability, 4(3), 104-118.
https:/ /doi.org/10.69593 / ajbais.v4i3.107

Salas-Pilco, S. Z., & Yang, Y. (2022). Artificial intelligence applications in Latin American higher education: a
systematic review. International journal of educational technology in higher education, 19(1), 21.

Sazzadul, 1., & Rebeka, S. (2024). VaR and CVaR-Based Stress Testing Using Deep Learning for Liquidity Risk
Forecasting and Banking Stability Assessment. Review of Applied Science and Technology, 3(03), 01-30.
https:/ /doi.org/10.63125/291phs66

Schwalbert, R. A., Amado, T., Corassa, G., Pott, L. P., Prasad, P. V., & Ciampitti, I. A. (2020). Satellite-based soybean
yield forecast: Integrating machine learning and weather data for improving crop yield prediction in southern Brazil.
Agricultural and Forest Meteorology, 284, 107886.

574


https://doi.org/10.63125/4y740y95
https://doi.org/10.69593/ajbais.v4i3.107
https://doi.org/10.63125/291phs66

[106].

[107].

[108].
[109].
[110].
[111].
[112].
[113].
[114].
[115].
[116].

[117].

[118].
[119].

[120].

International Journal of Scientific Interdisciplinary Research, June 2025, 536-575

Senanayake, S., Pradhan, B., Huete, A., & Brennan, J. (2020). A review on assessing and mapping soil erosion hazard
using geo-informatics technology for farming system management. Remote Sensing, 12(24), 4063.

Shahhosseini, M., Hu, G., Huber, I, & Archontoulis, S. V. (2021). Coupling machine learning and crop modeling
improves crop yield prediction in the US Corn Belt. Scientific reports, 11(1), 1606.

Sharma, A., Tyagi, S., Kanthalia, S., Tyagi, S., & Shashikant. (2023). Quantitative Assessment on Investigation on the
Impact of Artificial Intelligence on HR Practices and Organizational Efficiency for Industry 4.0. International
Conference on Business Data Analytics,

Shelia, V., Hansen, J., Sharda, V., Porter, C., Aggarwal, P., Wilkerson, C. J., & Hoogenboom, G. (2019). A multi-scale
and multi-model gridded framework for forecasting crop production, risk analysis, and climate change impact
studies. Environmental Modelling & Software, 115, 144-154.

Singh, S., Chana, 1., & Buyya, R. (2020). Agri-info: Cloud based autonomic system for delivering agriculture as a
service. Internet of Things, 9, 100131.

Smidt, H. J., & Jokonya, O. (2022). Factors affecting digital technology adoption by small-scale farmers in agriculture
value chains (AVCs) in South Africa. Information Technology for Development, 28(3), 558-584.

Soluk, J., & Kammerlander, N. (2021). Digital transformation in family-owned Mittelstand firms: A dynamic
capabilities perspective. European Journal of Information Systems, 30(6), 676-711.

. Song, C,Ma, W., Li, ]., Qi, B., & Liu, B. (2022). Development trends in precision agriculture and its management in

China based on data visualization. Agronomy, 12(11), 2905.

. Subahi, A. F., & Bouazza, K. E. (2020). An intelligent IoT-based system design for controlling and monitoring

greenhouse temperature. leee Access, 8, 125488-125500.

. Sun, F,, Meng, X,, Zhang, Y., Wang, Y., Jiang, H., & Liu, P. (2023). Agricultural product price forecasting methods: a

review. Agriculture, 13(9), 1671.

. Tamilmani, K., Rana, N. P., & Dwivedi, Y. K. (2021). Consumer acceptance and use of information technology: A

meta-analytic evaluation of UTAUT2. Information Systems Frontiers, 23(4), 987-1005.

. Tasnim, K., & Anick, K. M. T. A. (2024). PLC-SCADA-Integrated Electrical Automation Frameworks for Process

Optimization in Water and Wastewater Treatment Facilities. Review of Applied Science and Technology, 3(01), 221-262.
https://doi.org/10.63125/y1145¢11

. Tasnim, K., & Zaheda, K. (2023). A Smart Contract Framework for Automated Settlement and Compliance in

Renewable Energy and Distributed Energy Resources. American Journal of Advanced Technology and Engineering
Solutions, 3(01), 31-69. https:/ /doi.org/10.63125/fvdjpn66

Thomas, R. J., O'Hare, G., & Coyle, D. (2023). Understanding technology acceptance in smart agriculture: A
systematic review of empirical research in crop production. Technological Forecasting and Social Change, 189, 122374.
Toscano, P., Castrignano, A., Di Gennaro, S. F., Vonella, A. V., Ventrella, D., & Matese, A. (2019). A precision
agriculture approach for durum wheat yield assessment using remote sensing data and yield mapping. Agronomy,
9(8), 437.

Tsolakis, N., Schumacher, R., Dora, M., & Kumar, M. (2023). Artificial intelligence and blockchain implementation in
supply chains: a pathway to sustainability and data monetisation? Annals of operations research, 327(1), 157-210.
Tummers, J., Kassahun, A., & Tekinerdogan, B. (2021). Reference architecture design for farm management
information systems: a multi-case study approach. Precision Agriculture, 22(1), 22-50.

Vallentin, C., Harfenmeister, K., Itzerott, S., Kleinschmit, B., Conrad, C., & Spengler, D. (2022). Suitability of satellite
remote sensing data for yield estimation in northeast Germany. Precision Agriculture, 23(1), 52-82.

Vallino, E., Ridolfi, L., & Laio, F. (2020). Measuring economic water scarcity in agriculture: a cross-country empirical
investigation. Environmental Science & Policy, 114, 73-85.

Von Garrel, J., & Mayer, J. (2023). Artificial Intelligence in studies —use of ChatGPT and Al-based tools among
students in Germany. Humanities and social sciences communications, 10(1), 1-9.

Williams, L. D. (2021). Concepts of Digital Economy and Industry 4.0 in Intelligent and information systems.
International Journal of Intelligent Networks, 2, 122-129.

Xu, J., Gu, B., & Tian, G. (2022). Review of agricultural IoT technology. Artificial Intelligence in Agriculture, 6, 10-22.
Yang, Q., Zhang, P., Ma, Z., Liu, D., & Guo, Y. (2022). Agricultural economic resilience in the context of international
food price fluctuation — An empirical analysis on the main grain-producing areas in Northeast China. Sustainability,
14(21), 14102.

Zaheda, K, & Md Hamidur, R. (2024). GPU-Accelerated Physics-Informed Digital Twins for Real-Time State
Estimation and Fault Localization in Distribution Grids. American Journal of Scholarly Research and Innovation, 3(02),
179-216. https:/ /doi.org/10.63125/ msrpfb04

Zaheda, K., & Md. Tahmid Farabe, S. (2023). Robotics and Computer Vision for Automated Inspection of Substation
and Treatment-Facility Electrical Infrastructure. Review of Applied Science and Technology, 2(04), 194-227.
https:/ /doi.org/10.63125/tfh15j12

Zhang, C., Schief, J., P16£], L., Hofmann, F., & Glaser-Zikuda, M. (2023). Acceptance of artificial intelligence among
pre-service teachers: a multigroup analysis. International journal of educational technology in higher education, 20(1), 49.
Zhao, G,, Liu, S, Lopez, C., Chen, H., Lu, H., Mangla, S. K., & Elgueta, S. (2020). Risk analysis of the agri-food supply
chain: A multi-method approach. International journal of production research, 58(16), 4851-4876.

Zhu, X., Guo, R, Liu, T., & Xu, K. (2021). Crop yield prediction based on agrometeorological indexes and remote
sensing data. Remote Sensing, 13(10), 2016.

575


https://doi.org/10.63125/y1145g11
https://doi.org/10.63125/fvdjpn66
https://doi.org/10.63125/msrpfb04
https://doi.org/10.63125/tfh15j12

