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Abstract
Agrochemical exposure is a pervasive occupational hazard in U.S. agriculture, where farmers experience repeated and often cumulative contact with pesticides, herbicides, and related chemical agents over extended working lifetimes. Epidemiologic studies have long raised concerns about elevated risks of certain adult cancers in farming populations, yet conventional analytic approaches frequently struggle to capture the complexity of exposure patterns, prolonged latency periods, and interacting occupational and environmental risk factors. In recent years, predictive modeling has emerged as a valuable framework for integrating heterogeneous exposure data and improving cancer risk estimation in agricultural settings. This narrative review synthesizes the literature on predictive modeling approaches used to examine relationships between agrochemical exposure and adult cancer risk among U.S. farmers. Emphasis is placed on exposure assessment strategies, including cumulative and time-varying metrics, the application of traditional statistical and machine learning models, and the cancer outcomes most commonly evaluated. Across studies, models that incorporate multidimensional exposure information consistently demonstrate greater predictive utility than those relying on simplified or binary exposure indicators. Machine learning approaches often achieve improved predictive performance in high-dimensional exposure contexts, although limitations related to interpretability, validation, and generalizability remain. Overall, the evidence suggests that predictive modeling can meaningfully advance understanding of agrochemical-related cancer risk when applied with methodological rigor and transparency. Strengthening exposure data integration, enhancing model explainability, and prioritizing external validation will be essential for translating predictive insights into effective occupational health surveillance, targeted cancer prevention strategies, and evidence-based policy decisions for U.S. farming populations.
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1. Introduction
Agrochemicals are integral to modern agricultural production in the United States, where herbicides, insecticides, fungicides, and fumigants are applied across a wide range of crop and livestock systems. The scale and persistence of agrochemical use have expanded over recent decades, resulting in repeated, long-term exposures among farmers and agricultural workers through multiple pathways, including dermal contact, inhalation, and accidental ingestion. Regulatory oversight and usage surveillance, led by agencies such as the Environmental Protection Agency, have improved documentation of chemical applications, yet substantial variability in exposure intensity and duration remains across regions, crops, and farming practices. This heterogeneity complicates efforts to quantify health risks associated with agrochemical exposure(Tudi et al., 2021; Zhou et al., 2025).
Cancer risk among farming populations has been a longstanding concern in occupational and environmental health research(Chen et al., n.d.). While farmers often exhibit lower overall mortality compared with the general population, elevated risks have been consistently reported for specific malignancies, including hematologic cancers and select solid tumors(Zhang & Kim, 2025). Evidence from cohort studies and cancer surveillance programs, including those supported by the National Cancer Institute, suggests that these patterns may reflect the cumulative effects of chemical exposures experienced over extended working lifetimes. However, the long latency periods characteristic of many cancers and the co-occurrence of multiple exposures pose substantial challenges for causal inference(Gatto et al., 2021).
Conventional epidemiologic approaches have provided critical insights into agrochemical-related cancer risk but are often constrained by simplified exposure metrics, reliance on self-reported data, and limited capacity to model complex, time-varying relationships. Traditional regression-based analyses typically focus on single agents or broad exposure categories and may inadequately capture interactions among chemicals, behavioral factors, and environmental modifiers(Gerken et al., 2024; Li et al., 2025). These limitations can result in exposure misclassification and attenuated risk estimates, particularly in occupational settings characterized by diverse and evolving exposure profiles.
Predictive modeling offers an alternative and increasingly influential framework for addressing these challenges. By integrating multiple data sources and accommodating non-linear relationships, predictive models enable more flexible characterization of exposure patterns and cancer risk(Lawal, Igwe, et al., 2025). Advances in computational methods have further expanded the potential of these approaches to identify high-risk subgroups, assess cumulative exposures, and enhance risk stratification in agricultural populations. Importantly, predictive modeling shifts the analytic emphasis from isolated associations toward holistic risk estimation, which may be more directly applicable to prevention and surveillance efforts(Animashaun et al., 2025; Pennisi et al., 2025).
The objective of this narrative review is to synthesize and critically evaluate the literature on predictive modeling of agrochemical exposure and adult cancer risk among U.S. farmers. The review focuses on exposure assessment strategies, modeling approaches, and cancer outcomes examined in existing studies, while highlighting methodological strengths, limitations, and emerging directions for research.
2. Conceptual Framework Linking Agrochemical Exposure to Cancer Risk
Agrochemical exposure in agricultural settings occurs through multiple, often overlapping pathways that reflect the diversity of farming tasks and environments. Farmers may encounter pesticides and related chemicals during mixing and application, equipment maintenance, crop harvesting, and post-application re-entry into treated fields. Dermal contact and inhalation represent the primary routes of exposure, although ingestion may occur indirectly through contaminated hands, food, or water. In addition to direct occupational exposure, farmers may experience secondary exposures via pesticide drift, contaminated soil, or take-home pathways that extend exposure beyond the worksite. These varied routes contribute to substantial heterogeneity in both intensity and frequency of exposure across individuals and over time(Anaduaka et al., 2023).
A defining feature of agrochemical-related cancer risk is the long latency period between exposure and disease manifestation(Ekozin et al., 2025). Many cancers associated with chemical exposures develop over decades, making cumulative exposure a more relevant metric than short-term intensity alone. Repeated low-dose exposures, seasonal application patterns, and changes in chemical formulations over time further complicate exposure characterization. Consequently, risk is best conceptualized as the result of dynamic exposure trajectories that evolve across the working lifespan, rather than as discrete or static events(Tagkas et al., 2024).
Individual, occupational, and environmental factors play a critical modifying role in this exposure–disease relationship. Individual characteristics such as age, sex, genetic susceptibility, smoking history, and use of personal protective equipment can influence both exposure uptake and biological response. Occupational factors, including crop type, farm size, application methods, and task duration, shape exposure profiles, while environmental conditions such as climate, soil composition, and regional pesticide use patterns further modify exposure potential. These modifiers interact in complex ways, producing substantial variability in cancer risk even among farmers with ostensibly similar chemical use histories(Cani et al., 2023).
Predictive modeling provides a unifying framework for integrating these diverse and interrelated components. Rather than relying on single exposure indicators, predictive models can incorporate cumulative, time-varying, and multidimensional exposure metrics alongside individual and contextual modifiers. This integrative approach allows for the characterization of non-linear relationships, interactions among risk factors, and heterogeneity in susceptibility. Within this conceptual framework, predictive modeling functions as a tool for synthesizing complex exposure data into meaningful estimates of cancer risk, offering a more nuanced representation of agrochemical-related carcinogenesis in agricultural populations(Toma et al., 2023).
To contextualize the role of predictive modeling in agrochemical-related cancer research, Figure 1 illustrates a conceptual framework linking exposure pathways, modifying factors, and cancer outcomes within agricultural populations.
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Fig 1: Conceptual Framework for Predictive Modeling of Agrochemical Exposure and Adult Cancer Risk in U.S. Farmers. 
This figure presents a conceptual framework illustrating how agrochemical exposure pathways in agricultural settings contribute to cumulative exposure and cancer risk among U.S. farmers. Occupational, environmental, and secondary exposure routes interact with individual, occupational, and environmental modifiers to influence biological processes relevant to carcinogenesis. Predictive modeling approaches integrate these multidimensional inputs to estimate cancer risk, accounting for cumulative exposure, latency, and complex interactions, and to inform prevention, surveillance, and policy decision-making.

3. Agrochemical Exposure Assessment in Predictive Modeling
Accurate exposure assessment is a foundational component of predictive modeling studies examining agrochemical-related cancer risk. In the agricultural context, exposure data are derived from a range of sources that vary substantially in resolution, reliability, and feasibility. Self-reported exposure information remains one of the most commonly used inputs, particularly in large cohort studies of farmers. These data typically include chemical use histories, application frequency, duration of use, and task-specific practices. Self-report offers the advantage of capturing individual-level behaviors and historical exposures that are otherwise unavailable, but it is inherently vulnerable to recall bias, exposure misclassification, and incomplete reporting, especially when exposures occurred decades prior to data collection(Singh et al., 2025).
Registry-based exposure data provide an alternative or complementary approach and are increasingly incorporated into predictive models. Pesticide use reporting systems, sales records, and regulatory databases maintained by agencies such as the Environmental Protection Agency offer standardized and longitudinal information on chemical applications at regional or national scales. While these data improve consistency and temporal coverage, they often lack individual-level specificity and may not account for variations in application methods, protective practices, or off-label use. Predictive modeling frameworks frequently attempt to reconcile these limitations by combining registry data with self-reported information to enhance exposure characterization(Buckley et al., 2023).
Job-exposure matrices represent another important tool in agrochemical exposure assessment, particularly when individual-level data are sparse. These matrices assign exposure estimates based on occupational titles, tasks, or crop categories, allowing models to approximate exposure probability and intensity across farming activities. Similarly, geospatial proxies, including land-use maps, crop density data, and proximity to treated fields, have been used to estimate environmental and indirect exposures. Spatially resolved exposure metrics can capture regional patterns of pesticide use and drift, although they may oversimplify complex on-farm practices and individual mobility(Descatha et al., 2022).
Temporal considerations are central to predictive exposure modeling. Many studies emphasize cumulative exposure metrics that integrate duration, frequency, and intensity over time, reflecting the long latency periods associated with cancer development. Time-varying exposure models and lagged exposure windows are increasingly employed to align exposure estimates with biologically relevant periods of carcinogenesis. These approaches improve etiologic relevance but require detailed historical data and careful assumptions regarding exposure decay and persistence(Lipfert & Wyzga, 2019).
Despite methodological advances, significant challenges remain. Exposure misclassification, missing data, and uncertainty in historical exposure estimates persist across all assessment strategies. Changes in chemical formulations, regulatory restrictions, and farming practices over time further complicate longitudinal modeling. National data resources, including cancer surveillance and exposure datasets supported by the National Cancer Institute, play a critical role in strengthening exposure assessment by enabling data linkage and validation. Ultimately, predictive modeling depends not only on advanced algorithms but also on the quality and integration of exposure data, underscoring the need for continued refinement of agrochemical exposure assessment methods in agricultural health research(Bongers et al., 2008).
4. Predictive Modeling Approaches in the Literature
Traditional Statistical Models
Traditional statistical models remain widely used in studies examining agrochemical exposure and cancer risk among farming populations. Regression-based approaches, particularly logistic regression, have been commonly applied to estimate cancer risk as a function of exposure intensity, duration, or cumulative metrics. These models allow investigators to quantify associations between specific agrochemicals or exposure categories and cancer outcomes while adjusting for known confounders such as age, smoking status, and farm characteristics. Linear and generalized linear models have also been used to construct risk scores that summarize exposure-related cancer susceptibility across individuals(Cavalier et al., 2023; Gerken et al., 2024)
Survival analysis approaches, most notably Cox proportional hazards models, are especially well suited for agricultural cohort studies that involve long follow-up periods and time-to-event outcomes. These models accommodate censoring and enable estimation of hazard ratios associated with time-dependent exposure variables. Extensions of survival models, including stratified and extended Cox models, have been employed to account for latency periods and changing exposure patterns over time. In the context of cancer risk, survival models provide a natural framework for aligning exposure windows with disease onset.
The principal strength of traditional statistical models lies in their interpretability and inferential capacity. Parameter estimates are directly interpretable, facilitating etiologic insight and communication of results to regulators and public health practitioners. These models also allow for hypothesis testing and formal assessment of uncertainty. However, their reliance on predefined functional forms and assumptions of linearity or proportional hazards may limit their ability to capture complex exposure–response relationships inherent to agrochemical exposures.
4.1 Machine Learning and Hybrid Models
In response to these limitations, machine learning methods have gained increasing attention in the agricultural cancer risk literature. Tree-based models, including random forests and gradient boosting machines, are particularly popular due to their ability to model non-linear relationships and high-order interactions without explicit specification. These methods can accommodate large numbers of correlated exposure variables and have demonstrated improved predictive performance in settings with complex exposure profiles.
Neural networks and deep learning architectures have been explored to a lesser extent but offer potential advantages when integrating high-dimensional data sources such as geospatial exposure metrics, temporal application records, and biomarker data. Bayesian models provide another flexible framework by incorporating prior information and explicitly modeling uncertainty, which is especially valuable in exposure scenarios characterized by incomplete or noisy data. Ensemble approaches that combine multiple modeling techniques have also been used to enhance robustness and predictive accuracy.
Despite their strengths, machine learning and hybrid models present important trade-offs. While these approaches often outperform traditional models in terms of predictive accuracy, they are frequently criticized for limited transparency and interpretability. The “black box” nature of some algorithms complicates efforts to identify specific causal drivers of cancer risk and may hinder acceptance among stakeholders who prioritize explanatory insight. Recent efforts to incorporate explainable artificial intelligence techniques have begun to address these concerns, but widespread adoption remains limited(Dublino & Ercolano, 2025; Enabulele et al., 2025; Pennisi et al., 2025).
4.2.Model Evaluation and Validation
Across modeling approaches, rigorous evaluation and validation are essential to ensure reliability and generalizability. Common performance metrics include measures of discrimination such as the area under the receiver operating characteristic curve, as well as calibration metrics that assess agreement between predicted and observed risks. Sensitivity, specificity, and predictive values are frequently reported, particularly in models intended for risk stratification.
Most studies rely on internal validation techniques, including cross-validation or bootstrapping, to assess model stability and reduce overfitting. However, external validation using independent populations or datasets remains relatively rare in the agrochemical exposure literature. The absence of external validation raises concerns regarding transportability, as models developed in specific geographic or occupational contexts may not perform equivalently in other farming populations.
Overfitting represents a persistent challenge, particularly in machine learning models applied to modest sample sizes or rare cancer outcomes. Without careful tuning and validation, models may capture noise rather than meaningful exposure–risk relationships. As predictive modeling continues to evolve in this field, greater emphasis on transparent reporting, external validation, and assessment of model transportability will be critical for translating predictive insights into effective occupational health applications(Elechi et al., 2025; Kwarah et al., 2025).
5. Cancer Outcomes Modeled in Agricultural Populations
Predictive modeling studies of agrochemical exposure in agricultural populations have examined a range of cancer outcomes, with emphasis placed on malignancies that have shown consistent associations with farming-related exposures in epidemiologic research. Hematologic cancers, including non-Hodgkin lymphoma, leukemia, and multiple myeloma, are among the most frequently modeled outcomes. These cancers are often prioritized because of their established links to pesticide exposure and their relatively shorter latency periods compared with many solid tumors. In addition, prostate cancer has received substantial attention in predictive models due to its elevated incidence among male farmers and its potential sensitivity to hormonally active agrochemicals(Cavalier et al., 2023).
Several solid tumors, including cancers of the lung, colon, bladder, and skin, have also been incorporated into predictive modeling frameworks, although findings are more heterogeneous. In some cases, elevated risks are observed only within specific exposure subgroups or in relation to particular chemical classes. The inclusion of multiple cancer sites within a single modeling framework reflects an effort to capture the broad carcinogenic potential of agrochemical exposures while acknowledging that risk may vary substantially by tissue type and biological mechanism(Proietto et al., 2023).
A key distinction in the literature lies between site-specific cancer models and those that examine overall cancer incidence or mortality. Site-specific models allow for greater etiologic precision and may improve predictive performance by focusing on cancers with clearer exposure–response relationships. However, these models often face challenges related to limited case numbers, particularly for rare cancers, which can constrain statistical power and increase susceptibility to overfitting. In contrast, models of overall cancer risk benefit from larger event counts and improved stability but may obscure important heterogeneity across cancer types and exposure pathways(Pennisi et al., 2025).
Latency and exposure window specification represent persistent challenges in modeling cancer outcomes in agricultural populations. Many cancers develop long after initial exposure, necessitating assumptions about relevant exposure periods and lag times. Predictive models vary widely in their treatment of latency, with some incorporating fixed lag periods and others using time-varying exposure metrics to better align exposure history with disease development. Inadequate consideration of latency can lead to exposure misclassification and attenuated risk estimates.
Model performance also appears to vary by cancer outcome. Predictive accuracy is generally higher for cancers with stronger and more consistent associations with agrochemical exposure, such as hematologic malignancies, compared with cancers influenced by a broader range of behavioral and environmental factors. These differences underscore the importance of outcome-specific modeling strategies and highlight the need for cautious interpretation of predictive results across diverse cancer types in agricultural health research(Little et al., 2024).
6. Synthesis of Key Findings
Across the literature, predictive modeling studies consistently indicate that agrochemical exposure is associated with elevated cancer risk among U.S. farmers, although the strength and specificity of these associations vary by chemical class, cancer type, and modeling approach. Patterns emerging from these studies suggest that cumulative and long-term exposures are more strongly predictive of cancer risk than short-term or binary exposure indicators. Models that incorporate duration, intensity, and frequency of agrochemical use tend to identify clearer exposure–risk relationships, reinforcing the importance of capturing lifetime exposure trajectories in agricultural populations(Cavalier et al., 2023).
Certain agrochemical categories emerge repeatedly as high-risk predictors across modeling frameworks. Herbicides and insecticides, particularly those historically classified as probable or possible carcinogens, are frequently associated with increased risk for hematologic malignancies and select solid tumors. Predictive models often identify elevated risk among farmers with sustained exposure to multiple chemical agents, suggesting that combined or sequential exposures may contribute to carcinogenic potential beyond that of individual compounds. Task-specific activities, such as chemical mixing and application, also appear as important risk predictors, highlighting the role of high-intensity exposure events within broader cumulative exposure profiles(Cavalier et al., 2023; Tan et al., 2024).
In terms of predictive performance, models that integrate multiple exposure metrics and contextual variables generally outperform simpler approaches. Machine learning models, especially tree-based and ensemble methods, often demonstrate superior discrimination compared with traditional regression models, particularly when handling high-dimensional exposure data. However, gains in predictive accuracy are not uniform across studies and are sometimes modest when weighed against increased complexity. Models incorporating temporal and geospatial exposure information tend to perform better than those relying solely on self-reported exposure histories, underscoring the value of data integration in predictive risk assessment(Halder et al., 2025).
Despite these advances, substantial gaps and inconsistencies persist across the literature. Findings are not always reproducible across populations or datasets, reflecting variability in exposure assessment methods, outcome definitions, and model specification. Differences in regulatory contexts, chemical use patterns, and farming practices over time further complicate cross-study comparisons. External validation is infrequently performed, limiting confidence in model generalizability and real-world applicability. Additionally, inconsistencies arise in how studies address latency, exposure windows, and confounding, leading to divergent risk estimates even for similar exposures and cancer outcomes.
Collectively, these findings suggest that predictive modeling holds significant promise for advancing understanding of agrochemical-related cancer risk, but its utility is contingent upon methodological rigor and transparency. The literature points toward a need for harmonized exposure metrics, improved validation practices, and cautious interpretation of predictive outputs. Without these safeguards, predictive models risk reinforcing uncertainty rather than clarifying the complex relationships between agrochemical exposure and cancer risk in agricultural populations(Ozoh et al., 2026)(Lawal, Njoba, et al., 2025)(Rondón-Cordero et al., 2025)(Schor et al., 2025).
Table 1 summarizes key conceptual and methodological dimensions that distinguish predictive modeling approaches in agrochemical–cancer research and highlights implications for future study design and translation.”
Table 1. Conceptual and Methodological Dimensions of Predictive Modeling in Agrochemical–Cancer Research
	Dimension
	
Observed Approaches in the Literature
	Key Insight for the Field
	Implications for Future Research

	Modeling Objective
	Etiologic inference, risk stratification, early signal detection
	Many studies conflate prediction with causation, leading to interpretive ambiguity
	Explicitly define modeling purpose to align methods, metrics, and conclusions

	Exposure Conceptualization
	Single-agent focus, grouped chemical classes, cumulative exposure indices
	Cumulative and multi-agent frameworks better reflect real-world exposure
	Move toward mixture-aware and trajectory-based exposure modeling

	Temporal Structure
	Static exposure summaries vs. time-varying and lagged metrics
	Failure to align exposure windows with latency weakens predictive validity
	Incorporate biologically informed lag periods and exposure timing

	Handling of Heterogeneity
	Stratification by crop, task, or region; limited interaction modeling
	Risk heterogeneity is often underexplored despite strong theoretical relevance
	Systematically model effect modification and subgroup-specific risk

	Data Integration Strategy
	Single-source data vs. multi-source linkage
	Integrated datasets consistently enhance predictive performance
	Prioritize data harmonization across surveillance, regulatory, and spatial sources

	Model Transparency
	Fully interpretable models vs. black-box algorithms
	Interpretability remains a barrier to translation and policy uptake
	Embed explainability tools alongside complex models

	Validation Practice
	Predominantly internal validation
	Limited evidence of transportability across populations
	Increase use of external and temporal validation

	Outcome Sensitivity
	Stronger performance for hematologic cancers
	Predictive success varies substantially by cancer type
	Tailor modeling strategies to outcome-specific biology

	Translation Readiness
	Primarily academic applications
	Few models are designed for operational use
	Develop models with implementation and surveillance contexts in mind

	Policy Relevance
	Retrospective risk characterization
	Underutilized for proactive prevention
	Align modeling outputs with regulatory and occupational health needs


This table synthesizes conceptual and methodological patterns across predictive modeling studies rather than summarizing individual studies. It highlights areas where current practice limits interpretability, generalizability, or translation, and identifies priorities for advancing predictive modeling in agricultural cancer research.
7. Implications and Future Directions
The findings synthesized in this review highlight several important implications for advancing research on agrochemical exposure and cancer risk in agricultural populations. Foremost among these is the need for improved integration of exposure data across sources and scales. Future predictive modeling efforts will benefit from combining self-reported histories, regulatory records, geospatial data, and, where available, biomonitoring information to more accurately characterize cumulative and time-varying exposures. Enhanced data linkage and harmonization can reduce exposure misclassification and strengthen the etiologic relevance of predictive models, particularly for cancers with long latency periods(Ashish Pandey, 2023).
Equally critical is the development and adoption of explainable and transparent modeling approaches. While machine learning methods have demonstrated promising predictive performance, their limited interpretability remains a barrier to broader acceptance and application in occupational health. Future work should prioritize models that balance predictive accuracy with interpretability, enabling researchers and stakeholders to understand which exposures and factors drive risk estimates. The incorporation of explainable artificial intelligence techniques can help clarify model decision pathways, support hypothesis generation, and facilitate communication of findings to regulators, clinicians, and farming communities(Hoghooghi Esfahani et al., 2025; Shehu et al., 2025).
Predictive modeling also holds substantial potential for application in farmer health surveillance and prevention efforts. Risk prediction tools informed by integrated exposure data could support early identification of high-risk subgroups, guide targeted screening initiatives, and inform educational interventions aimed at reducing hazardous exposures. When embedded within occupational health surveillance systems, predictive models may enhance the ability to monitor emerging risks associated with changing agrochemical use patterns and agricultural practices(Chinedu James Ezeh et al., 2024).
From a policy perspective, the advancement of predictive modeling has direct relevance for occupational health agencies responsible for protecting agricultural workers. Evidence generated through transparent and well-validated models can inform risk assessment, regulatory decision-making, and prioritization of preventive strategies. Agencies such as the Centers for Disease Control and Prevention may leverage predictive insights to strengthen surveillance programs, refine exposure guidelines, and support data-driven interventions in farming communities(Armenteros-Cosme et al., 2025).
Looking ahead, progress in this field will depend on interdisciplinary collaboration among epidemiologists, data scientists, exposure scientists, and policymakers. Continued investment in high-quality exposure data, methodological rigor, and model validation will be essential to ensure that predictive modeling fulfills its promise as a tool for reducing cancer burden and improving occupational health outcomes among U.S. farmers.
Conclusions
Predictive modeling has emerged as a valuable and increasingly influential approach for advancing understanding of the complex relationships between agrochemical exposure and adult cancer risk among U.S. farmers. By integrating diverse exposure metrics, individual characteristics, and contextual factors, predictive models extend beyond the limitations of conventional epidemiologic analyses and offer a more nuanced representation of cumulative and long-term risk. The literature reviewed in this article demonstrates that these approaches can enhance risk stratification, identify high-risk exposures and activities, and improve characterization of exposure–response patterns in agricultural populations.
The relevance of predictive modeling for cancer prevention lies in its potential to inform targeted and proactive interventions. When grounded in robust exposure assessment and transparent analytic frameworks, predictive models can support early identification of vulnerable subgroups, guide exposure reduction strategies, and strengthen occupational health surveillance efforts. These applications are particularly important for farming populations, where prolonged chemical exposures and extended latency periods complicate traditional prevention approaches.
Despite its promise, the utility of predictive modeling depends on continued methodological refinement and careful translation into practice. Future research should prioritize harmonized exposure metrics, external validation, and interpretability to ensure that predictive insights are both scientifically credible and actionable. From a policy perspective, integrating predictive evidence into occupational health decision-making can enhance regulatory oversight and prevention strategies. Aligning research innovation with public health priorities will be essential for reducing the cancer burden associated with agrochemical exposure and safeguarding the long-term health of U.S. farmers. 
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