


Spatial Modeling of Agrochemical Exposure and Chronic Disease Risk among U.S. Farmers: A Review of GIS-Based Epidemiological Approaches

Abstract
Agrochemical use is an integral component of modern agricultural production in the United States, yet long term occupational exposure among farmers has been associated with a range of chronic health outcomes. Accurately characterizing these exposures remains challenging due to spatial heterogeneity in land use, application practices, and environmental dispersion. In recent decades, geographic information systems have emerged as important tools for addressing these challenges by enabling spatially explicit modeling of agrochemical exposure and its potential health impacts. The purpose of this review is to synthesize and critically evaluate the existing epidemiological literature that applies GIS based methods to examine associations between agrochemical exposure and chronic disease risk among U.S. farmers.
The review encompasses peer reviewed studies that employ spatial modeling techniques to estimate exposure using pesticide application records, land use data, environmental monitoring datasets, and remote sensing products. Commonly used GIS approaches include buffer and proximity analyses, land use regression models, interpolation methods, and hybrid frameworks that integrate multiple spatial data sources. Across the literature, these methods have been applied most frequently to cancer and neurodegenerative disease outcomes, with more limited examination of respiratory and other chronic conditions.
Overall, GIS based approaches have strengthened population level exposure assessment by improving spatial resolution and identifying geographic disparities in disease risk. However, the literature also reveals persistent methodological limitations, including exposure misclassification, ecological inference, temporal misalignment, and variability in spatial scale. This review highlights the need for greater methodological standardization, improved temporal modeling, and integration of individual level data. Advancing GIS based exposure assessment has important implications for occupational health research, surveillance, and policy initiatives led by agencies such as the Centers for Disease Control and Prevention and the Environmental Protection Agency.
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1. Introduction
1.1 Agrochemical Use and Occupational Health in U.S. Agriculture
Modern agricultural production in the United States relies heavily on the use of agrochemicals, including pesticides, herbicides, fungicides, and synthetic fertilizers, to maintain crop yields and control pests. The widespread and sustained application of these substances has raised long standing concerns regarding occupational health risks among farming populations. Agricultural workers experience unique exposure profiles characterized by repeated, long term, and often low dose contact with multiple chemical agents through inhalation, dermal absorption, and environmental drift. Unlike acute poisoning events, these chronic exposures may contribute to the development of long latency health outcomes, including cancers, neurological disorders, respiratory disease, and metabolic conditions(Aborode et al., 2025; Yasir et al., 2025; Zhou et al., 2025).
Epidemiological evidence has increasingly linked agricultural chemical exposure to adverse health outcomes, yet accurately characterizing exposure remains a persistent challenge. Farmers are exposed across heterogeneous landscapes, varying crop types, and changing application practices over time(Boonupara et al., 2023; Silva et al., 2022). Additionally, regulatory reporting systems and surveillance data maintained by agencies such as the Environmental Protection Agency and the United States Department of Agriculture often provide exposure information at aggregated spatial scales, limiting the ability to assess localized risk(Vandenberg et al., 2023). As a result, traditional occupational exposure assessment methods may inadequately capture the spatial and environmental complexity inherent in agricultural settings.
1.2 Rationale for Spatial Approaches in Exposure Assessment
Conventional exposure assessment approaches in occupational epidemiology typically rely on self reported data, job exposure matrices, or point based environmental measurements. While valuable, these methods often lack the spatial resolution necessary to account for variability in land use, chemical application intensity, and environmental dispersion processes. In agricultural contexts, exposure is strongly influenced by geographic factors such as proximity to treated fields, prevailing wind patterns, soil characteristics, and regional cropping systems(Hall et al., 2020).
Geographic information systems have emerged as powerful tools for addressing these limitations by enabling the integration of spatially explicit environmental, agricultural, and health data. GIS based exposure modeling allows researchers to estimate exposure gradients across landscapes, identify spatial clusters of elevated risk, and link environmental hazards with population level health outcomes. By incorporating land use data, pesticide application records, and remote sensing information, spatial approaches provide a more nuanced representation of exposure pathways than non spatial methods. This is particularly relevant for chronic disease research, where cumulative exposure and spatial context play critical roles in disease etiology(Enabulele, Eleweke, et al., 2025; Kochanek et al., 2025).
1.3 Purpose and Scope of the Review
The purpose of this review is to synthesize and critically evaluate the existing body of GIS based epidemiological research examining agrochemical exposure and chronic disease risk among farmers in the United States. Rather than focusing on the toxicological properties of individual chemicals, this review emphasizes the spatial modeling methodologies used to characterize exposure and assess health outcomes. By examining how GIS tools have been applied across studies, the review aims to identify common analytical frameworks, data sources, and methodological strengths, as well as persistent limitations and sources of uncertainty.
Through this synthesis, the review seeks to clarify the current state of the science, highlight gaps in methodological rigor and data integration, and outline opportunities for advancing spatial epidemiology in agricultural occupational health research. In doing so, it underscores the potential of GIS based approaches to improve exposure assessment, inform surveillance efforts led by institutions such as the Centers for Disease Control and Prevention, and support evidence based policy and prevention strategies for farming communities.
Figure 1 presents an integrated conceptual framework summarizing the GIS-based approaches used to model agrochemical exposure and their linkage to chronic disease outcomes and public health applications among U.S. farming populations.
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Figure 1. Integrated GIS-Based Framework Linking Agrochemical Exposure to Chronic Disease Risk among U.S. Farmers.  Conceptual framework illustrating the integration of spatial data sources and geographic information system (GIS)–based modeling approaches used to estimate agrochemical exposure and evaluate associations with chronic disease risk among U.S. farming populations. Agrochemical inputs, including pesticide application records, crop and land-use data, and remote sensing products, are incorporated into GIS-based spatial modeling techniques such as buffer and proximity analyses, land-use regression models, interpolation methods, and temporally lagged exposure assessments. These approaches generate spatially explicit exposure metrics, including exposure gradients, hotspots, and uncertainty structures, which are linked to chronic health outcomes such as cancer, neurodegenerative diseases, and respiratory conditions. The framework highlights how GIS-derived exposure estimates support occupational health surveillance, risk stratification, and regulatory decision-making.
2. Methods of Literature Review
2.1 Review Design and Approach
This review was conducted using a narrative integrative approach with elements of a scoping review to comprehensively examine the application of geographic information systems in modeling agrochemical exposure and chronic disease risk among farmers in the United States. A narrative framework was selected to allow critical evaluation of methodological diversity across studies, given the heterogeneity in spatial modeling techniques, exposure metrics, and health outcomes reported in the literature. Studies were considered relevant if they employed GIS based or spatial analytical methods to estimate agrochemical exposure and examined associations with chronic disease outcomes among agricultural populations. Chronic disease outcomes were broadly defined to include cancers, neurological disorders, respiratory conditions, and other long term health effects associated with occupational exposure.
2.2 Data Sources and Search Strategy
A systematic literature search was conducted across multiple bibliographic databases, including PubMed, Web of Science, and Scopus, to identify peer reviewed studies published in English. The search covered literature published from January 1995 through December 2024, reflecting the period during which GIS technologies became increasingly integrated into epidemiological research. Search terms were developed using combinations of controlled vocabulary and free text keywords related to geographic information systems, spatial analysis, agrochemical or pesticide exposure, agriculture or farming populations, and chronic disease outcomes. Reference lists of included articles and relevant review papers were also manually screened to identify additional studies not captured in the initial database search.
2.3 Study Selection and Eligibility Criteria
Studies were eligible for inclusion if they met several predefined criteria. Included studies focused on agricultural populations within the United States and applied GIS based or spatial modeling techniques to characterize agrochemical exposure. Studies were required to assess chronic health outcomes rather than acute toxicity or short term exposure effects. Both ecological and population based epidemiological studies were included, provided that spatial methods were central to the exposure assessment. Exclusion criteria included studies conducted outside the United States, research lacking a spatial exposure component, toxicological or laboratory based studies, and articles focused exclusively on environmental contamination without linkage to human health outcomes.
2.4 Data Extraction and Synthesis
Data extraction focused on key methodological characteristics of each study, including spatial data sources, GIS modeling techniques, exposure metrics, disease outcomes, and analytical frameworks. Information was also collected on spatial scale, temporal resolution, and approaches used to address exposure uncertainty and confounding. The extracted data were synthesized qualitatively to identify recurring methodological patterns, strengths, and limitations across studies. Rather than quantitatively pooling results, the synthesis emphasized comparison of spatial modeling strategies and their implications for interpreting exposure disease relationships. This approach facilitated a comprehensive assessment of how GIS based methods have been used to advance understanding of occupational health risks in agricultural settings and how they support surveillance efforts coordinated by agencies such as the Centers for Disease Control and Prevention and the Environmental Protection Agency.
3. Overview of GIS Based Agrochemical Exposure Modeling
3.1 Spatial Data Sources Used in Exposure Modeling
GIS based exposure modeling in agricultural health research relies on the integration of multiple spatial data sources to approximate patterns of agrochemical use and potential human exposure. One of the most commonly used inputs across studies is pesticide application data, often derived from county or state level reporting systems and regulatory inventories. In the United States, such data are frequently compiled or standardized through agencies such as the Environmental Protection Agency and the United States Department of Agriculture, providing information on chemical type, application volume, and crop association. While these datasets offer broad geographic coverage, their aggregated nature can limit fine scale exposure estimation(Afandi et al., 2023; Jazan et al., 2025).
Land use and crop distribution data represent another foundational component of spatial exposure modeling. Studies commonly use agricultural land cover classifications, crop specific maps, and parcel level land use data to identify treated areas and estimate proximity based exposure. These datasets are often combined with environmental monitoring data, including air and water quality measurements, to infer potential transport and dispersion pathways. More recent studies have incorporated remote sensing products, such as satellite derived vegetation indices, to refine estimates of cropping intensity and seasonal application patterns. Together, these data sources allow researchers to approximate exposure surfaces across heterogeneous agricultural landscapes, although variability in spatial resolution and data completeness remains a persistent challenge(Alagulakshmi et al., 2025; Lausch et al., 2025).
3.2 Common GIS Modeling Techniques
A range of GIS based modeling techniques has been employed to translate spatial data inputs into exposure metrics suitable for epidemiological analysis. Buffer analysis is among the most frequently used approaches, wherein circular or irregular buffers are constructed around residences, workplaces, or agricultural fields to estimate exposure based on proximity to treated land. This method is relatively straightforward and computationally efficient, making it attractive for large population based studies. However, buffer based approaches often assume uniform exposure within defined distances and may not account for environmental modifiers such as wind direction or terrain(Montalvan et al., 2025).
Proximity modeling and distance weighted exposure metrics represent refinements of buffer based methods, allowing exposure estimates to decay with increasing distance from application sites. Land use regression techniques have also been applied to model exposure as a function of spatial predictors such as crop density, application intensity, and environmental characteristics. These models offer greater flexibility and can incorporate multiple covariates but require extensive data and careful validation. Interpolation methods, including kriging and inverse distance weighting, have been used less frequently but provide a means of estimating exposure surfaces from monitoring data when point measurements are available(Ma et al., 2024).
Some studies have adopted hybrid approaches that combine multiple GIS techniques to improve exposure characterization. For example, land use regression models may be informed by remote sensing derived crop maps and refined using proximity based metrics. While these integrated frameworks offer improved conceptual realism, they also introduce additional uncertainty and methodological complexity, underscoring the need for transparency and sensitivity analysis in spatial exposure modeling(Enabulele, Omo-Enabulele, et al., 2025; İşler et al., 2024).
3.3 Temporal Considerations in Exposure Assessment
Temporal alignment between agrochemical exposure and chronic disease outcomes represents a critical but often under addressed aspect of GIS based modeling. Chronic diseases typically develop over extended periods, requiring exposure assessments that capture timing, duration, and cumulative intensity. Many studies rely on cross sectional or time averaged exposure estimates due to data limitations, which may obscure critical exposure windows relevant to disease etiology(Niyogakiza et al., 2025).
Some GIS based studies have attempted to incorporate temporal dynamics by linking historical pesticide application records with residential histories or by constructing cumulative exposure indices over multiple years. Others have stratified analyses by latency periods to better reflect disease development processes. Despite these efforts, inconsistencies in temporal resolution across datasets frequently constrain interpretation. Longitudinal exposure modeling remains relatively rare, highlighting an important area for future methodological advancement(Budnicka-Kosior et al., 2025).
Overall, the literature demonstrates that GIS based exposure modeling provides valuable tools for capturing spatial variability in agrochemical exposure among agricultural populations. However, the accuracy and interpretability of these models depend heavily on the quality of underlying data and the assumptions embedded within spatial and temporal frameworks. Continued methodological refinement is essential to support surveillance and risk assessment efforts coordinated by public health institutions such as the Centers for Disease Control and Prevention and to advance understanding of chronic disease risk in farming communities.
4. Chronic Disease Outcomes Examined in GIS Based Studies
4.1 Cancer Outcomes
Cancer has been the most extensively studied chronic disease outcome in GIS based research examining agrochemical exposure among agricultural populations in the United States. Spatial epidemiological studies have focused on a range of site specific cancers, including non Hodgkin lymphoma, leukemia, prostate cancer, breast cancer, and certain solid tumors, reflecting both biological plausibility and data availability. Many of these studies have used GIS based exposure metrics derived from pesticide application records, land use data, and residential proximity to agricultural fields to estimate long term exposure patterns(Joseph et al., 2022).
Across the literature, GIS methods have enabled the identification of geographic clusters where elevated cancer incidence coincides with higher modeled agrochemical exposure. While findings are not uniform, several studies report positive associations between spatial exposure indicators and cancer risk, particularly for hematologic malignancies. However, substantial variability exists in exposure definitions, spatial scale, and outcome ascertainment, limiting direct comparison across studies. The reliance on aggregated cancer registry data further complicates interpretation, as ecological analyses may obscure individual level exposure histories and confounding factors. Nevertheless, the cumulative evidence suggests that spatially explicit exposure modeling has enhanced the ability to detect patterns that may be missed by non spatial approaches(Houpert et al., 2024; Joseph et al., 2022).
4.2 Neurological and Neurodegenerative Conditions
Neurological and neurodegenerative diseases represent another major focus of GIS based agrochemical exposure research, with Parkinson’s disease receiving particular attention(Kelechi Wisdom et al., 2025). Studies in this area have leveraged spatial modeling techniques to examine associations between proximity to pesticide treated land and disease prevalence or incidence among farming communities. GIS based approaches have been especially valuable in this context due to the long latency periods and cumulative exposure patterns associated with neurodegenerative conditions(Collins et al., 2025).
Several studies have employed land use regression models and distance weighted exposure metrics to estimate chronic pesticide exposure over extended periods. Spatial clustering analyses have identified regions with higher prevalence of Parkinson’s disease that overlap with areas of intensive agricultural chemical use. Despite these advances, methodological challenges remain, including uncertainty in residential mobility, exposure timing, and diagnostic variability. As with cancer outcomes, most studies rely on population level data rather than individual exposure measurements, necessitating cautious interpretation of observed spatial associations(Collins et al., 2025).
4.3 Respiratory and Other Chronic Conditions
Compared with cancer and neurological outcomes, fewer GIS based studies have examined respiratory disease and other chronic conditions related to agrochemical exposure. Existing research has explored associations with asthma, chronic obstructive pulmonary disease, and reduced lung function, often using spatial proximity to agricultural land or modeled pesticide drift as exposure indicators. These studies suggest that spatial exposure metrics may capture environmentally mediated respiratory risks, particularly in regions with intensive spraying practices(Shekhar et al., 2024; Solís-Soto et al., 2025).
Emerging work has also considered metabolic disorders, reproductive health outcomes, and endocrine related conditions, although this literature remains limited. GIS based analyses in these areas often face constraints related to data availability and outcome surveillance. Nonetheless, the application of spatial exposure modeling to a broader range of chronic diseases highlights the versatility of GIS as a tool for occupational and environmental health research(Kumar et al., 2025).
Collectively, the reviewed studies demonstrate that GIS based methods have been most widely applied to cancer and neurodegenerative disease research, with growing but uneven expansion into other chronic health outcomes. The evidence underscores the importance of spatial context in understanding long term disease risk among agricultural populations and supports continued methodological development to strengthen exposure assessment and disease linkage efforts coordinated by public health authorities such as the Centers for Disease Control and Prevention.
5. Methodological Strengths and Limitations in the Literature
5.1 Strengths of GIS Based Approaches
A central strength of GIS based approaches in agrochemical exposure research is their ability to incorporate spatial heterogeneity into exposure assessment. Unlike traditional occupational exposure methods that often rely on self reported data or broad occupational classifications, GIS based models integrate land use patterns, chemical application data, and environmental context to generate geographically explicit exposure estimates. This spatial resolution allows researchers to identify gradients of exposure that more closely reflect real world conditions in agricultural settings(Brody et al., 2002).
GIS methods also facilitate the identification of geographic disparities in exposure and disease risk. By linking exposure surfaces with population level health data, studies can detect spatial clustering and regional patterns that inform surveillance and intervention strategies. This capability is particularly valuable for population level risk assessment and for supporting public health monitoring efforts conducted by institutions such as the Centers for Disease Control and Prevention. Additionally, GIS based approaches are adaptable to diverse data sources and scalable across regions, making them suitable for large scale epidemiological analyses in settings where individual level exposure measurements are unavailable(Oppong & Lester, 2026).
5.2 Key Limitations and Sources of Bias
Despite these strengths, the literature reveals several persistent methodological limitations that constrain interpretation of GIS based findings. Ecological inference remains a central concern, as many studies rely on aggregated exposure and health outcome data. This reliance limits the ability to attribute observed spatial associations to individual level risk and increases susceptibility to confounding by unmeasured variables such as personal protective behaviors or occupational practices(Cuadros et al., 2024).
Exposure misclassification represents another major challenge. Spatial exposure models often assume that proximity to treated land or intensity of application corresponds directly to individual exposure, an assumption that may not hold uniformly across populations. Data gaps and inconsistencies in pesticide reporting further contribute to uncertainty, particularly when application records are aggregated at coarse spatial or temporal scales. Spatial scale mismatches between exposure data and health outcomes can also bias results, as disease registries may operate at different geographic resolutions than environmental datasets(Michelson et al., 2023).
Additionally, many studies depend on cross sectional exposure estimates that do not adequately capture cumulative exposure or critical windows of susceptibility. These limitations underscore the need for cautious interpretation and transparent reporting of assumptions embedded within spatial models.
5.3 Comparison Across Modeling Frameworks
Differences in GIS modeling frameworks substantially influence study findings and interpretability. Buffer based and proximity models offer simplicity and ease of implementation but may oversimplify exposure dynamics. Land use regression and hybrid models provide greater flexibility and conceptual realism but require more extensive data inputs and methodological expertise. Interpolation based approaches depend heavily on the availability and quality of monitoring data and may be sensitive to spatial autocorrelation(Vinueza-Martinez et al., 2024).
Across the literature, no single modeling framework consistently outperforms others. Instead, the appropriateness of a given approach depends on study objectives, data availability, and spatial context. Comparative evaluation across modeling strategies remains limited, highlighting an opportunity for future research to systematically assess how methodological choices shape conclusions relevant to regulatory and surveillance efforts supported by agencies such as the Environmental Protection Agency(Katende, 2025; Ojo, 2025).
6. Implications for Occupational Health and Policy
The growing body of GIS based evidence on agrochemical exposure and chronic disease risk among agricultural populations has important implications for occupational health practice and policy in the United States. Spatially explicit exposure models provide a framework for identifying geographic areas where farming communities may experience elevated long term health risks due to intensive agrochemical use. These insights can complement traditional surveillance systems by highlighting spatial patterns that are not readily apparent through non spatial analyses(Sadenova et al., 2025).
For occupational health programs, GIS based findings support the development of targeted prevention strategies that account for regional variability in exposure. By identifying high risk agricultural zones, public health agencies can prioritize outreach, education, and monitoring efforts for farming populations that may otherwise be underserved. Spatial risk identification can also inform the allocation of limited resources, allowing interventions to be directed toward communities with the greatest potential need. Such approaches align with the surveillance and prevention objectives of institutions such as the Centers for Disease Control and Prevention, which increasingly emphasize data driven and geographically targeted public health strategies(Tudi et al., 2022).
From a regulatory perspective, GIS based exposure assessments can contribute to more informed decision making regarding pesticide approval, use restrictions, and risk mitigation measures. Spatial analyses that integrate land use patterns, application intensity, and population distribution offer a broader context for evaluating potential health impacts beyond controlled experimental settings(Lauretta Ekanem Omale et al., 2025). While GIS based studies are not a substitute for toxicological or individual level epidemiological evidence, they provide valuable population level insights that can inform risk assessment and policy deliberations conducted by regulatory bodies such as the Environmental Protection Agency(Afandi et al., 2024; Galimberti et al., 2025).
At the same time, the translation of GIS based evidence into policy must account for methodological limitations, including exposure uncertainty and ecological inference. Policymakers and practitioners should view spatial findings as part of a broader evidence base, integrating them with toxicological, clinical, and occupational data. When applied judiciously, GIS based approaches have the potential to strengthen occupational health surveillance, enhance preventive strategies, and support equitable resource allocation in agricultural settings(Mălinaș et al., 2025). 

To facilitate comparison across studies and highlight methodological trade-offs, Table 1 summarizes the primary GIS-based agrochemical exposure modeling frameworks used in U.S. agricultural health research, along with their typical data sources, spatial scales, strengths, and key limitations.
Table 1: Comparison of GIS-Based Agrochemical Exposure Modeling Frameworks Used in U.S. Agricultural Health Studies
	GIS Modeling Approach
	Primary Data Sources
	Typical Spatial Scale
	Strengths for Chronic Disease Research
	Key Limitations and Sources of Bias
	Common Disease Outcomes Examined

	Buffer Analysis
	Pesticide application records, land use maps, residential or workplace locations
	Local to regional
	Simple to implement and interpret; suitable for large populations; useful for initial risk screening
	Assumes uniform exposure within buffer zones; limited representation of environmental transport; sensitive to buffer size selection
	Cancer, respiratory disease

	Proximity and Distance-Weighted Models
	Land use data, application intensity records, geographic coordinates
	Local to regional
	Improves realism by modeling exposure decay with distance; better reflects gradient effects
	Still limited in accounting for wind, terrain, and individual behavior; potential exposure misclassification
	Cancer, Parkinson’s disease

	Land Use Regression Models
	Crop distribution data, pesticide use estimates, environmental covariates, demographic data
	Regional
	Incorporates multiple predictors; flexible modeling of spatial variability; higher explanatory potential
	Data intensive; requires careful model validation; reduced transferability across regions
	Cancer, neurodegenerative diseases

	Interpolation Methods (e.g., kriging)
	Environmental monitoring data, sampling locations
	Local
	Generates continuous exposure surfaces; useful when monitoring data are available
	Highly dependent on monitoring density and quality; sensitive to spatial autocorrelation assumptions
	Respiratory outcomes

	Hybrid GIS Frameworks
	Combined application records, land use data, remote sensing products, environmental models
	Local to national
	Integrates multiple data sources; improved conceptual realism; adaptable to complex exposure pathways
	Increased methodological complexity; compounded uncertainty; limited standardization
	Cancer, neurological outcomes



7. Future Directions for Research
Future research on GIS based modeling of agrochemical exposure and chronic disease risk among agricultural populations should prioritize methodological advancements that address key limitations identified in the existing literature. One critical gap is the limited integration of individual level exposure information with spatial models. While GIS based approaches have improved population level exposure estimation, incorporating detailed work histories, residential mobility, and personal protective practices could substantially enhance exposure accuracy and reduce misclassification(Jacquet et al., 2022).
Longitudinal study designs represent another important opportunity for advancing this field. Many existing studies rely on cross sectional exposure assessments that may not adequately capture cumulative exposure or critical windows of susceptibility relevant to chronic disease development. Linking historical agrochemical application data with long term health records and residential histories would allow for more refined temporal modeling and improved alignment between exposure and disease latency(Viana et al., 2022).
Advances in geospatial technologies also offer promising avenues for future research. Increased availability of high resolution remote sensing data, improved land cover classification, and enhanced computational capacity enable more detailed representation of agricultural practices and environmental dispersion processes. The integration of atmospheric modeling, climate data, and machine learning techniques may further improve the precision of spatial exposure estimates.
Additionally, greater methodological standardization and transparency across studies would facilitate comparison and synthesis of findings. Consistent reporting of spatial scale, exposure assumptions, and uncertainty measures would strengthen interpretability and support evidence synthesis efforts. Collaboration between epidemiologists, geospatial scientists, and public health agencies such as the Centers for Disease Control and Prevention and the United States Department of Agriculture may help align research priorities with surveillance and policy needs(Mălinaș et al., 2025).
Collectively, these future directions underscore the potential for GIS based methods to evolve into more robust tools for understanding and mitigating occupational health risks in agricultural settings.
8. Conclusions
This review synthesizes the current state of the science on GIS based modeling of agrochemical exposure and chronic disease risk among farmers in the United States. The literature demonstrates that spatial epidemiological approaches have substantially advanced the ability to characterize exposure patterns across heterogeneous agricultural landscapes and to identify geographic disparities in long term health risks. By integrating land use data, pesticide application records, and population level health outcomes, GIS based methods provide valuable insights that complement traditional occupational exposure assessment techniques.
At the same time, the reviewed studies reveal persistent methodological challenges, including exposure misclassification, ecological inference, and limitations in temporal alignment between exposure and disease outcomes. Addressing these challenges will be essential for strengthening the interpretability and policy relevance of spatial analyses. Overall, the evidence underscores the importance of spatial epidemiology as a critical tool for advancing occupational health research and supporting surveillance and regulatory efforts led by agencies such as the Centers for Disease Control and Prevention and the Environmental Protection Agency. Continued methodological refinement and interdisciplinary collaboration will be central to translating GIS based insights into effective protections for agricultural workers.
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