



Predictive Modeling and Machine Learning Approaches in Agrochemical Exposure and Health Risk Assessment 

Abstract 
The increasing global reliance on agrochemicals, including pesticides, herbicides, and fertilizers, has significantly enhanced agricultural productivity but raised serious concerns regarding environmental contamination and human health risks. Exposure occurs through occupational, environmental, and dietary pathways and is associated with acute toxicity as well as chronic conditions such as cancer, neurological disorders, and endocrine disruption. Conventional risk assessment approaches, based on deterministic and probabilistic models, are limited in their ability to address complex, nonlinear interactions and high-dimensional environmental data. Recent advances in machine learning (ML) provide powerful tools for improving agrochemical exposure assessment and health risk prediction. ML algorithms such as Random Forest, Support Vector Machines, Artificial Neural Networks, and Gradient Boosting enable the integration of diverse datasets, including environmental monitoring, biomonitoring, and geospatial information. These approaches enhance predictive accuracy, support spatial–temporal analysis, and facilitate early detection of health risks. Despite these advantages, challenges related to data quality, model interpretability, and ethical considerations remain. This review synthesizes current ML applications in agrochemical risk assessment and highlights future directions, including explainable artificial intelligence and real-time monitoring systems, to support more robust and policy-relevant decision-making frameworks.
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1. Introduction
The intensification of agriculture over recent decades has been accompanied by a substantial increase in the global use of agrochemicals, including pesticides, herbicides, and synthetic fertilizers. These substances play a critical role in enhancing crop yield, controlling pests, and ensuring food security for a growing population[1–3]. However, their widespread and often indiscriminate application has raised significant concerns regarding their persistence in the environment and potential adverse effects on human health. Agrochemicals can contaminate soil, water bodies, and air, leading to complex exposure scenarios that extend beyond agricultural settings into surrounding communities and food systems[4,5].
Human exposure to agrochemicals occurs through multiple pathways, including occupational contact among agricultural workers, dietary intake via contaminated food products, and environmental exposure through polluted air and water. A growing body of evidence links such exposures to a range of health outcomes, from acute poisoning incidents to chronic conditions such as cancer, neurodegenerative diseases, and endocrine disruption. These risks are further compounded in low- and middle-income countries, where regulatory enforcement and monitoring systems may be limited[6,7].
Traditional approaches to exposure and health risk assessment, while foundational, often rely on deterministic or probabilistic models that incorporate simplified assumptions about exposure pathways and dose–response relationships. Although useful, these models are frequently constrained by limited data integration capabilities, reduced flexibility in handling nonlinear interactions, and challenges in addressing variability and uncertainty in real-world scenarios. As a result, they may not fully capture the complexity of agrochemical exposure dynamics[8].
In response to these limitations, there has been a growing shift toward data-driven methodologies, particularly machine learning (ML), in environmental health research[9]. ML techniques offer the ability to analyze large, high-dimensional datasets, uncover hidden patterns, and generate more accurate predictive models of exposure and associated health risks. These approaches are increasingly being applied to integrate diverse data sources, including environmental monitoring, biomonitoring, and geospatial information[10].
This review aims to synthesize current applications of machine learning in the assessment of agrochemical exposure and associated health risks. It further seeks to identify existing methodological gaps and highlight future research directions to enhance the robustness, interpretability, and policy relevance of ML-driven risk assessment frameworks.The overall conceptual framework of agrochemical exposure pathways and machine learning–based health risk assessment is illustrated in Figure 1.

Fig 1 : Conceptual framework of agrochemical exposure pathways and machine learning–based health risk assessment
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Agrochemical Exposure and Machine Learning–Based Risk Assessment Framework. Conceptual framework illustrating the progression from agrochemical sources through environmental transformation and exposure pathways to machine learning–based prediction of human health risks.
2. Agrochemical Exposure and Health Risks
2.1 Types of Agrochemicals
Agrochemicals encompass a broad class of chemical agents used to enhance agricultural productivity and protect crops from pests, weeds, and diseases. Among these, pesticides represent one of the most extensively used groups and include compounds such as organophosphates, carbamates, organochlorines, and pyrethroids. Organophosphates and carbamates are widely applied due to their effectiveness against a variety of insect pests; however, they are also associated with significant toxicity to non-target organisms, including humans. Organochlorines, although largely restricted or banned in many regions, persist in the environment due to their stability and bioaccumulative properties[11,12].
Herbicides are another major category, designed to control unwanted vegetation. Common examples include glyphosate-based formulations and atrazine, both of which are frequently detected in agricultural runoff and groundwater. Fungicides, used to prevent or treat fungal infections in crops, include compounds such as azoles and dithiocarbamates. While these agrochemicals contribute to improved crop yields, their chemical diversity and varying environmental behaviors complicate exposure assessment and risk evaluation[13].
2.2 Exposure Pathways
Human exposure to agrochemicals occurs through multiple interconnected pathways. Occupational exposure is particularly significant among agricultural workers, pesticide applicators, and individuals involved in the handling, mixing, or storage of these chemicals. Such exposure may occur through dermal contact, inhalation of aerosols, or accidental ingestion, often exacerbated by inadequate protective measures and limited safety training[14].
Environmental exposure represents another critical pathway, as agrochemicals can disperse beyond target areas through processes such as volatilization, leaching, and surface runoff. This leads to contamination of soil, air, and water systems, affecting both rural and urban populations. For instance, pesticide residues have been detected in surface and groundwater sources, raising concerns about drinking water safety[15].
Dietary intake constitutes an additional route of exposure, primarily through the consumption of food products containing residual agrochemicals. Fruits, vegetables, and grains may retain trace levels of pesticides despite washing and processing, contributing to chronic low-dose exposure in the general population[16].
2.3 Health Impacts
The health effects of agrochemical exposure vary depending on the type of chemical, duration of exposure, and individual susceptibility. Acute toxicity is commonly observed in cases of high-level exposure, particularly among agricultural workers, and may manifest as symptoms such as nausea, respiratory distress, neurological impairment, and, in severe cases, death[17].
Chronic exposure to lower levels of agrochemicals has been increasingly associated with long-term health outcomes. Epidemiological studies have linked sustained exposure to certain pesticides with an elevated risk of cancers, including leukemia and non-Hodgkin lymphoma. Additionally, neurotoxic effects have been reported, particularly with organophosphate exposure, contributing to cognitive deficits and neurodegenerative conditions[16]. Endocrine disruption is another major concern, as some agrochemicals can interfere with hormonal regulation, potentially affecting reproductive health and developmental processes[16].
Collectively, these exposure pathways and health outcomes underscore the complexity of assessing agrochemical risks and highlight the need for more advanced, integrative approaches to understanding and predicting their impacts.
3. Traditional Risk Assessment Approaches
3.1 Deterministic Models
Traditional risk assessment of agrochemical exposure has largely been grounded in deterministic modeling frameworks. These approaches follow structured steps, beginning with hazard identification, where the intrinsic toxic properties of a chemical are established through toxicological and epidemiological evidence. This is followed by dose–response assessment, which characterizes the relationship between the magnitude of exposure and the likelihood of adverse health effects. Typically, threshold values such as acceptable daily intake (ADI) or reference doses (RfD) are derived and used to estimate risk[18,19].
Deterministic models often rely on point estimates and conservative assumptions to ensure safety. While this approach provides a standardized and regulatory-friendly framework, it simplifies real-world variability by treating exposure and response parameters as fixed values. Consequently, it may not adequately reflect differences in population susceptibility or environmental conditions[20].
3.2 Probabilistic Models
To address some of these limitations, probabilistic risk assessment methods have been introduced, incorporating variability and uncertainty into the evaluation process. Among these, Monte Carlo simulations are widely used to model a range of possible exposure scenarios by assigning probability distributions to key input variables. This allows for a more comprehensive representation of population-level risks rather than single-point estimates.
Probabilistic models improve the characterization of uncertainty and variability, offering more nuanced insights into risk distributions. They are particularly useful in capturing heterogeneity in exposure patterns and biological responses across different groups. However, their effectiveness is still dependent on the quality and completeness of input data[21].
3.3 Limitations
Despite their utility, both deterministic and probabilistic approaches exhibit notable limitations. A key challenge lies in their reliance on static assumptions, which may not accurately capture dynamic environmental processes or evolving exposure patterns. Additionally, these models often struggle with scalability when dealing with large, complex datasets that include multiple interacting variables.
Another critical limitation is their difficulty in handling high-dimensional data and nonlinear relationships, which are characteristic of real-world agrochemical exposure scenarios. As environmental and biological systems involve intricate interactions across spatial and temporal scales, traditional models may oversimplify these complexities, potentially leading to under- or overestimation of risks. These constraints have prompted the exploration of more flexible and data-driven methodologies[22].
4. Machine Learning in Environmental Health
4.1 Overview of Machine Learning Techniques
Machine learning (ML) has emerged as a powerful tool in environmental health research, offering advanced capabilities for analyzing complex datasets and improving predictive performance. ML techniques can be broadly categorized into supervised learning, unsupervised learning, and deep learning[23].
Supervised learning involves training algorithms on labeled datasets to predict outcomes based on input features. It is commonly used for classification and regression tasks, such as predicting exposure levels or disease risk. Unsupervised learning, in contrast, identifies hidden patterns or structures in unlabeled data, making it useful for clustering exposure profiles or detecting anomalies. Deep learning, a subset of ML, employs multi-layered neural networks to model highly complex relationships, particularly in large-scale and high-dimensional datasets[24].
4.2 Common Algorithms Used
Several ML algorithms have been widely applied in agrochemical exposure and health risk assessment. Random Forest is a popular ensemble method that constructs multiple decision trees to improve predictive accuracy and reduce overfitting. Support Vector Machines (SVM) are effective for classification tasks, particularly in high-dimensional spaces, by identifying optimal decision boundaries.
Artificial Neural Networks (ANNs) are inspired by biological neural systems and are capable of modeling nonlinear relationships between inputs and outputs. More advanced forms, such as deep neural networks, have shown promise in handling large and complex datasets. Gradient Boosting algorithms, including variants such as XGBoost, iteratively improve model performance by minimizing prediction errors, making them highly effective in structured data analysis[25].
4.3 Advantages Over Traditional Models
Machine learning approaches offer several advantages over traditional risk assessment models. One of the most significant is their ability to detect nonlinear patterns and interactions among variables, which are often present in environmental exposure data. Unlike conventional models that rely on predefined equations, ML algorithms can learn directly from data without requiring strict assumptions about underlying relationships[26,27].
Additionally, ML techniques are well-suited for handling large and diverse datasets, including those derived from environmental monitoring, biomonitoring, and remote sensing technologies. This scalability enhances their applicability in complex, real-world scenarios. Furthermore, ML models often demonstrate improved predictive accuracy, enabling more precise estimation of exposure levels and associated health risks.
These strengths position machine learning as a valuable complement and in some cases, an alternative to traditional approaches, particularly in advancing the field toward more dynamic and data-driven risk assessment frameworks[28].
5. Applications of Machine Learning in Agrochemical Exposure Assessment
5.1 Predictive Modeling of Exposure Levels
Machine learning (ML) has been increasingly applied to predict agrochemical exposure levels by integrating diverse environmental and biological datasets. These models utilize inputs such as pesticide application records, meteorological variables, soil characteristics, and land-use patterns to estimate exposure concentrations across different settings. In addition, biological monitoring data such as metabolite concentrations in blood or urine are incorporated to improve model accuracy and relevance to human exposure. Supervised learning algorithms, including Random Forest and Gradient Boosting, have demonstrated strong performance in capturing complex interactions among these variables, enabling more precise estimation of exposure levels compared to conventional approaches. Such predictive models are particularly valuable in regions where direct monitoring data are sparse or unavailable[29,30].
5.2 Spatial and Temporal Modeling
The integration of ML with geospatial technologies has significantly enhanced the ability to model the spatial and temporal distribution of agrochemical exposure. Geographic Information Systems (GIS) provide a framework for mapping exposure patterns, while ML algorithms analyze spatial correlations and trends across different geographic scales. Remote sensing data, derived from satellite imagery and aerial platforms, further enrich these models by offering real-time information on vegetation indices, land cover, and environmental changes[19,31].
By combining these data sources, ML models can predict how agrochemical dispersion varies over time and space, accounting for factors such as weather conditions, seasonal application patterns, and landscape features. This approach enables the identification of high-risk zones and temporal exposure peaks, supporting targeted interventions and resource allocation. Moreover, spatial–temporal modeling enhances the understanding of cumulative exposure, which is critical for long-term health risk assessment[32].
5.3 Biomonitoring and Exposure Prediction
Biomonitoring has become a central component of exposure assessment, and ML techniques are increasingly used to interpret complex biomarker data. Biomarkers, including pesticide metabolites and biochemical indicators, provide direct evidence of internal exposure. ML models can integrate these biomarkers with external exposure variables to predict individual-level exposure profiles.
Recent advancements also include the use of wearable sensors that continuously collect data on environmental conditions and personal exposure. These devices generate high-resolution datasets, which ML algorithms can analyze to detect patterns and predict exposure in near real-time. Such approaches enable personalized exposure assessment, moving beyond population-level estimates to more individualized risk evaluation. This integration of biomonitoring and ML represents a significant advancement in capturing dynamic exposure scenarios[33,34].
5.4 Case Studies from Literature
A growing number of studies have demonstrated the effectiveness of ML in agrochemical exposure assessment. For instance, Random Forest and Support Vector Machine models have been used to predict pesticide concentrations in environmental media with higher accuracy than traditional regression models. Similarly, deep learning approaches have shown promise in analyzing large-scale remote sensing data to estimate exposure patterns across agricultural regions.
Comparative analyses across studies indicate that ensemble methods, such as Random Forest and Gradient Boosting, often outperform single-model approaches in terms of predictive accuracy and robustness. However, model performance varies depending on data quality, feature selection, and regional context. These case studies collectively highlight the potential of ML to improve exposure assessment while also emphasizing the need for standardized methodologies and validation frameworks[35].
6. Machine Learning in Health Risk Assessment
6.1 Risk Prediction Models
Machine learning has been widely applied to develop predictive models that link agrochemical exposure to adverse health outcomes. These models leverage large datasets, including epidemiological records, exposure measurements, and demographic variables, to identify patterns associated with disease occurrence. Classification algorithms such as Support Vector Machines, Random Forest, and neural networks have been used to predict the likelihood of conditions such as cancer, respiratory illnesses, and neurological disorders in exposed populations.
By capturing complex interactions among multiple risk factors, ML-based models provide more nuanced predictions compared to traditional statistical methods. They also enable stratification of populations into different risk categories, facilitating targeted public health interventions and resource allocation[30,36].
6.2 Dose–Response Modeling Using Machine Learning
One of the key advantages of ML in health risk assessment lies in its ability to model nonlinear dose–response relationships. Traditional models often assume linear or threshold-based relationships between exposure and health outcomes, which may not accurately reflect biological processes. In contrast, ML algorithms can learn complex, nonlinear associations directly from data without predefined assumptions.
This capability allows for more realistic representation of how varying levels of agrochemical exposure influence health outcomes across different populations. It also supports the identification of critical exposure thresholds and sensitive subgroups, improving the precision of risk characterization[37].
6.3 Early Warning Systems
Machine learning is also being utilized in the development of early warning systems for agrochemical-related health risks. These systems integrate real-time data from environmental monitoring networks, healthcare records, and sensor technologies to detect emerging risks and predict potential health impacts.
AI-based surveillance tools can identify patterns indicative of increased exposure or disease outbreaks, enabling timely intervention by public health authorities. For example, anomaly detection algorithms can flag unusual spikes in pesticide levels or health symptoms in specific regions. Such systems enhance preparedness and response capacity, contributing to more proactive and data-driven risk management strategies[38].
7. Challenges and Limitations
Despite the growing application of machine learning (ML) in agrochemical exposure and health risk assessment, several challenges constrain its widespread adoption and effectiveness. A primary concern relates to data availability and quality. ML models rely heavily on large, high-quality datasets; however, in many regions particularly in low- and middle-income countries data on agrochemical usage, environmental concentrations, and health outcomes are often sparse, inconsistent, or poorly standardized. Missing data, measurement errors, and lack of longitudinal datasets can significantly affect model reliability and predictive performance[32].
Another major limitation is model interpretability, often referred to as the “black-box” problem. Many advanced ML models, particularly deep learning algorithms, generate highly accurate predictions but provide limited insight into how input variables contribute to the output. This lack of transparency poses challenges for scientific validation, regulatory acceptance, and stakeholder trust, especially in public health contexts where explainability is critical for decision-making.
Overfitting and generalization also represent significant technical challenges. ML models trained on specific datasets may capture noise or dataset-specific patterns, leading to overfitting and reduced performance when applied to new or external datasets. Ensuring that models generalize well across different geographic regions, populations, and exposure scenarios remains a key concern, particularly in environmental health applications characterized by high variability[39].
Ethical and regulatory issues further complicate the implementation of ML-based approaches. The use of personal health data and geospatial information raises concerns regarding privacy, data security, and informed consent. Additionally, the absence of standardized regulatory frameworks for ML applications in risk assessment limits their integration into policy and decision-making processes. Addressing these challenges requires not only technical advancements but also the development of robust governance structures and ethical guidelines[40].
8. Future Perspectives
The future of machine learning in agrochemical exposure and health risk assessment is closely tied to advancements in data integration, computational technologies, and interdisciplinary collaboration. One promising direction is the integration of ML with Internet of Things (IoT) technologies and real-time monitoring systems. Sensors deployed in agricultural fields, water systems, and wearable devices can continuously collect high-resolution exposure data, enabling dynamic and real-time risk assessment. When coupled with ML algorithms, these systems can provide timely insights and support proactive intervention strategies.
Another critical area of development is the advancement of Explainable Artificial Intelligence (XAI). By improving the transparency and interpretability of ML models, XAI techniques can help bridge the gap between predictive performance and practical usability. Methods such as feature attribution and model visualization allow researchers and policymakers to better understand the drivers of predicted risks, thereby enhancing trust and facilitating regulatory acceptance.
The integration of ML into policy frameworks and decision support systems also represents a key future priority. Data-driven tools can assist regulators and public health agencies in identifying high-risk areas, optimizing resource allocation, and evaluating the impact of intervention strategies. However, achieving this requires the development of standardized methodologies, validation protocols, and guidelines for ML application in environmental health.
Finally, there is a growing need for interdisciplinary collaboration among data scientists, environmental scientists, toxicologists, and policymakers. The complexity of agrochemical exposure and its health impacts necessitates a holistic approach that combines domain expertise with advanced analytical techniques. Such collaboration will be essential for translating ML innovations into practical, scalable, and policy-relevant solutions.
9. Conclusion
This review highlights the transformative potential of machine learning in advancing agrochemical exposure assessment and health risk evaluation. By enabling the integration and analysis of complex, high-dimensional data, ML approaches offer significant improvements over traditional models in terms of predictive accuracy, scalability, and adaptability. Applications spanning exposure prediction, spatial–temporal modeling, biomonitoring, and disease risk assessment demonstrate the versatility and effectiveness of these techniques.
However, challenges related to data quality, model interpretability, generalization, and ethical considerations must be carefully addressed to ensure reliable and responsible implementation. Future developments in real-time monitoring, explainable AI, and interdisciplinary collaboration are expected to further enhance the utility of ML in this field.
Overall, the integration of machine learning into agrochemical risk assessment represents a critical step toward more data-driven, precise, and proactive public health strategies. Continued research and policy engagement will be essential to fully realize its potential and ensure its alignment with societal and regulatory needs.
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