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ABSTRACT 

 

Background: Atrazine, a widely used herbicide, is recognized for its potential 

endocrine disrupting effects, though its direct link to diabetes has not been 

extensively studied.  

 

Objectives: This study investigates the relationship between atrazine 

exposure and diabetes incidence, especially in agricultural settings and 

examines how socioeconomic factors like income and education levels 

influence diabetes risk.  
 

Methods: A retrospective study was conducted using data from 67 counties 

in Pennsylvania from 2011 to 2019. Atrazine exposure was measured in 

local water sources and correlated with diabetes data from the 

Pennsylvania Behavioral Risk Factor Surveillance System (BRFSS). 

Socioeconomic data were sourced from USA Census Bureau records, with 

logistic regression used to adjust for confounders such as age, race, and 

lifestyle.  

 

Results: Findings showed a significant association between high atrazine 

exposure and increased diabetes incidence, even after adjusting for 

confounders. 

 

Discussion and Conclusion: The study highlights a significant health risk 

posed by atrazine, particularly for socioeconomically disadvantaged groups. 

It underscores the need for stricter atrazine regulation and public health 

interventions to mitigate its impact. Further research is important to 

understand how atrazine affects glucose metabolism and diabetes 

development. Implementing stricter environmental controls and 

educational initiatives could reduce the diabetes burden in impacted 

communities. 
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INTRODUCTION 

Diabetes is a non-communicable disease that communicates throughout the body and causes premature mortality. 

Its main characteristic is an increase in the blood glucose level due to the lack of glucose metabolization in the cells 

and this is due to the inability of the pancreas to produce insulin or the inability of beta cells to effectively use the 

insulin that is being produced [1]. Diabetes is often characterized as a metabolic disorder and its symptoms may be 

symptomatic and asymptomatic. They also differ according to the type of diabetes that a person may have. Diabetes 

can be classified into four types: Type 1, type 2, gestational and secondary or other [2]. According to the Centre for 

Disease Control and Prevention, in 2021 approximately 38.4 million people (of all ages) in the USA had diabetes, of 

which more than 8.7 million adults aged 18 years or older who met the laboratory criteria for diabetes were not aware 

and did not report having diabetes. The percentage of adults with diabetes has also increased with age, reaching 

29.2% among those aged 65 years or older. It is important to study and understand the effects of diabetes on the 

body so that individuals and local authorities can take preventive steps [3]. Prediabetes is a condition wherein the blood 

glucose levels are high but not yet to a level that can be diagnosed as diabetes, it is important for everyone over the 

ages of 45 to be tested for diabetes and should continue doing it every three years. The most prevalent types of 

diabetes are type 1 and type 2. Type 1 diabetes is an autoimmune disease in which insulin produced beta cells in the 

pancreas are destroyed, whereas type 2 diabetes is a metabolic disorder in which the body is unable to produce or 

make efficient use of insulin; contradicting earlier years, it is now more prevalent in children and teens due to the high 

rates of increase in childhood obesity [4]. 

 

A general overview of the disease process in a person diagnosed with type 1 diabetes begins with the immune system 

targeting pancreatic beta cells. The ability of the pancreas to regulate insulin decreases, leading to insulin deficiency 

and excess glucose entering the bloodstream instead of being converted into energy. Some of these effects include 

extreme fatigue, craving for high levels of sugar and vision problems. However, if left untreated for long periods of 

time, it can also lead to nephropathy, retinopathy, neuropathy, and several cardiovascular diseases such as heart 

attack and stroke [5,6]. Type 2 diabetes develops over a period of time and due to insulin resistance and dysregulates 

the body metabolically by causing damage to the functioning of the small and large blood vessels, nerve kidneys and 

eyes with outcomes such as blindness and dialysis, it is unfavorable and can even lead to amputation due to nerve 

damage [7-9]. However, proactive management at an early stage in individuals at high risk is needed to either delay or 

prevent type 2 diabetes. Type 2 diabetes can be prevented through lifestyle changes, such as better nutrition and 

calorie deficit diets [10]. A community-based phenotyping might also help in identifying individuals at increased risk for 

type 2 diabetes and allow for efficient prevention strategies [11]. 

 

On the other hand, it has been estimated that, in the United States of America, one in every seven healthcare dollars 

is spent on treating diabetes and its complications [12]. There are enormous economic and social burdens imposed by 

diabetes and it demands new ways of reducing expenditure on related healthcare, which also should include long-

term care [13]. Additional costs for amputation, loss of vision and any organ failure needs to be added to it and reduced 

productivity and withdrawal from work should also be considered [14,15]. Additionally, it has been estimated that the 

‘informal costs’ range some-where between $1162 to $5082 per year and this is significantly more than costs for 

other organ failures such as heart failures, which is estimated to be $862 [16,17]. Overall, it is estimated that in 2017 

alone, diabetes has costed $237 billion in direct medical costs and $90 billion in reduced productivity [12].  
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Decades of research have demonstrated that diabetes disproportionately affects racial and ethnic minorities and low-

income adult populations in the USA disproportionately, with relatively patterns seen in these populations’ higher risk 

of diabetes and rates of diabetes complications and mortality [18]. In diabetes, priority should be given to understanding 

the social determinants of disease prevalence, economic costs and the dis-proportionality among populations 

pertaining to gender, education, and income medium [19,20]. Some of the most important social determinants of who 

are most affected by diabetes along with mortality rates and outcomes depend on Socioeconomic Status (SES), which 

is a multidimensional construct that includes educational, economic, and occupational status [21-23]. SES is one of the 

strongest predictors of disease onset and progression at all levels, including diabetes [24]. It is because it is closely 

linked to individuals and communities that can access material resources, including health care, housing, 

transportation and nutritious food. For example, economic status is often measured by determining a person’s 

household income and the community in which they or resides. 

 

Other major determinants also include educational status that can be quantified either in years of schooling or highest 

degree earned [25]. However, literacy has also emerged as a measure of educational quality which is majorly more 

reflective of SES than years of schooling, especially among African Americans and low-income Whites [26,27]. Those that 

fall under the lower SES ladders are more likely to develop type 2 diabetes (that is, due to higher prolonged exposure 

without proper intervention) and may likely experience more complications and die sooner than those higher up on 

the SES ladder [28,29]. Research has also proven prevalence between higher income which most likely leads to higher 

educational levels of an individual or family as a unit and hence the increase their income levels leading to less 

likelihood of developing type 2 diabetes, as shown in research conducted by Gaskin et al., [30,31]. This pattern of 

diabetes related mortality has been observed specifically in adults with type 1 diabetes as well [32]. Other determinants 

also include factors such as age and geography [33]. Hence, type 1 diabetes disregarded mostly leads to 2 diabetes 

which is a complex disease and needs continuous medical care. It also has other risks, such as kidney, heart, and 

other organ failures, which lead to an increase in early mortality rates and a decrease in productivity at the workplace, 

which may affect the treatment plans of the patients. Other factors affecting proper intervention include age, income, 

educational level, race, and sex [34].  

 

Atrazine is a widely used herbicide that has been identified as a contaminant because of its persistence in the 

environment and potential health impacts. Atrazine is primarily employed in agriculture to control broadleaf and grassy 

weeds, predominantly crops such as corn and sugarcane. It is also known for its environmental persistence, transport 

through surface runoff and easy absorption into the groundwater. Concentrations of atrazine in surface waters that 

are impacted by agricultural use tend to fluctuate with the season, with the highest atrazine concentrations being 

observed in the weeks and months following application of the herbicide [35]. According to studies, atrazine has been 

detected in various environmental compartments, including surface water, groundwater and even in some food 

products because of its widespread use and persistent nature. Research has demonstrated that atrazine can disrupt 

endocrine function in both wildlife and humans, potentially leading to reproductive and developmental problems. In 

animals such as fish and amphibians, atrazine exposure has been linked to hormonal imbalances and reproductive 

issues [36]. 
 

However, in humans, it is difficult to establish observational studies with possible associations between endocrine 

disruption and reproductive health concerns owing to ethical and methodological constraints. However, a multi 

pathway exposure assessment evaluated the exposure of children aged 3-12 years to pesticides in the Minnesota 

Children’s Pesticide Exposure Study (MNCPES), which was designed to acquire exposure information for children for 
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a variety of pesticides, including atrazine in assessment sought to address multipath exposures from air, water, food, 

soil, and residential surfaces in the homes of children [37,38]. The results of that study showed that contact with atrazine 

can be achieved through the tracking of soil into the home on shoes and feet and was present in 62 of 102 surface 

samples of the homes and in 12 of 100 children’s hand rinse samples, but only in 2 of 89 urine samples collected 

from the children in the study contained atrazine; However, more data are needed [39]. According to the Federal 

Insecticide Fungicide and Rodenticide Act (FIFRA) report on the hazard and dose-response assessment of atrazine, 

there are not enough data on the risk of atrazine in children because exposure data are not yet available [40]. 

 

Hence, it remains unclear whether there is a direct link between atrazine exposure and diabetes in humans, owing to 

the complexity of disease pathways and multifactorial influences on diabetes development. However, atrazine usage 

is banned in European countries but globally, about 70,000 to 90,000 tons of atrazine are used per annum and 

Mexico, Brazil, USA, India, China, and Argentina are the primary users [41,42]. However, in a study conducted with flies, 

it was indicated that co-exposure to 20 µg/ml atrazine and 0.5 M sucrose leads to early onset of diabetes within 20 

days of exposure as compared to atrazine alone for 30 days [43]. Given the potential implications of atrazine on health 

and its prevalence in environments like Pennsylvania, where agriculture is a significant part of the economy, the 

question arises: "Is there an association between diabetes out-comes and atrazine exposure, particularly in 

Pennsylvania?" This research question is important for understanding broader public health impacts and could guide 

environmental and health policy decisions in regions where atrazine use is prevalent. 

 

MATERIALS AND METHODS 

Regulatory approval 

IRB approval was granted by the Juniata College Institutional Review Board. IRB approval was designated as exempt 

(Category 4). 

 

Database sources 

All data was taken from the following online databases: 

 The total population, age, income, race, and education data were obtained from census data of the United 

States of America Burro for Pennsylvania  

 Diabetes, Body Mass Index (BMI), obesity, BMI overweight, atrazine, physical activity and fruit and vegetable 

consumption datasets were obtained from the Enterprise Data Dissemination Informatics Exchange, 

Pennsylvania BRFSS: Diabetes ever told they have diabetes, Overweight and Obesity, Obese (BMI ≥ 30); 

Overweight and Obesity -Overweight (BMI ≥ 25)  

 Drinking water quality: Annual distribution of water systems and number of people served by atrazine 

concentration, physical activity–no leisure time physical activity in the past month and  

 Fruits and vegetables: Consume at least five servings of fruits and/or vegetables every day 
 

Inclusion/exclusion criteria 

The diabetes data set came in 3 years bins of 2017-2019, 2016-2018, 2015-2017, 2014-2016, 2013-2015, 2012-

2014, 2011-2013. The remaining data were transformed to fit these bins by averaging the values for the three-year 

bin it is to fit. The diabetes dataset also grouped the smaller counties together as regions, resulting in cumulative 

values for these regions for all other data. Data on fruits and vegetables, physical activity, diabetes, BMI obesity and 

overweight BMI were expressed as percentages and converted to numbers of people for each category with the total 

population taken from the census (population estimate). The mean levels of atrazine were not continuous numbers 
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and were bins that were too large, as almost all the datasets fit into it. Therefore, we used the number of individuals 

exposed to the highest levels of atrazine. Data were then removed based on multicollinearity, which broke the for the 

logistic linear regression. 
 

Sample size 

With all counties, cumulative regions and 3-year bins, there were 405 data points.  
 

Target population 

Population with diabetes that concur with the atrazine levels. 

 

Data collection and data processing 

Data were extracted from the census tract and Pennsylvania BRFSS and consolidation over 3-years bins. The data was 

then cleaned and processed to ensure standardization across all data points. 
 

Handling missing values  

To address the missing data in our study, we employed the imputation method, specifically utilizing the median to fill 

in the missing values for various variables. This approach was chosen for its practicality and effectiveness in handling 

missing data, while ensuring the integrity of our analyses. Imputation with the median offers several advantages that 

align with the research objectives. First, it enables us to maintain the sample size by retaining all observations in our 

dataset. This is important for preserving the statistical power and ensuring the robustness of our findings. Additionally, 

the simplicity of implementing median imputation makes it accessible and feasible, even for datasets of considerable 

size. Unlike mean imputation, which can be sensitive to outliers and skewed distributions, imputing missing values 

with the median provides a more robust estimate of the central tendency, thereby reducing the risk of bias introduced 

by extreme values. Moreover, by preserving the original distribution of variables, median imputation helps maintain 

the integrity of the data while minimizing the loss of information. However, it is important to acknowledge the 

limitations of this approach. Imputation with the median may underestimate variability and assume certain patterns 

of missingness, potentially introducing bias under certain conditions. Despite these considerations, median imputation 

emerged as a reliable and practical choice for handling missing data in our study, contributing to the validity and 

reliability of our research outcomes. 

 

Variable selection 

The outcome variable of interest was the frequency of diabetes per 67 counties in Pennsylvania (Diabetes) from to 

2011-2019. Potential predictors were selected based on the known risk factors associated with diabetes and 

availability in the dataset. The following variables were considered as potential predictors: 

 County: Geographic location. 

 Total population: Total population count. 

 Fruits and vegetables: Frequency of consumption of at least five servings of fruits and vegetables. 

 Physical activity: Frequency of adults who participated in 150 minutes (or vigorous equivalent) of 

physical activity per week 

 Atrazine counts: Frequency of Individuals exposed to 1-3 µg/L, an environmental contaminant. 

 No physical activity: Frequency of no physical activity. 

 BMI obese: Percentage of population categorized as obese. 

 BMI overweight: Percentage of population categorized as overweight. 

 Age: Median age of the population. 
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 White alone, Black, or African American alone, American Indian, and Alaska Native alone, Asian 

alone, Native Hawaiian and other Pacific Islander alone: Frequency of population by racial/ethnic 

groups. 

 Median income: Median household income. 

 Less than high school, high school graduates, some college or associate, bachelor’s degree: 

Frequency of population by education level. 
 

Statistical analysis 

Statistical analyses were conducted using R-Studio Software version 4.3.2. Descriptive statistics, including means, 

standard deviations, and frequencies, were computed for the continuous and categorical variables. Regression 

analysis was employed to gauge the association between atrazine counts and diabetes outcomes, while accounting 

for potential confounders. To meet the model assumptions, robust regression techniques such as log transformation 

were implemented. Cross-validation techniques were used to ensure generalizability and robustness of the model. 

Bootstrapping was performed to corroborate the robustness of the model. Significance in the model was established 

at p-values of <0.05. 

 

RESULTS 

The descriptive statistics outlined in Table 1 illuminate the diverse characteristics of the study units and variables 

under investigation. Across the 405 data points from 2011-2019 taken from 67 counties in Pennsylvania; total 

population exhibited a mean of 189,155.25 individuals, with a notable standard deviation of 167,382.89 and a range 

spanning from 4,610 to 1,580,081.00 individuals. Similarly, fruit and vegetable consumption displayed considerable 

variability, with a mean of 24,627.67 servings and a standard deviation of 53,870.61, ranging from 371 to 

257,894.50 servings. Noteworthy variations were observed in physical activity levels, which ranged widely from 2,253 

to 811,591.00 individuals, with a mean of 92,940.88 and standard deviation of 227,185.90. Atrazine exposure also 

demonstrated substantial variability, with a mean level of 93,357.76 and a standard deviation of 315,117.43, ranging 

from 258 to 1,600,000.00 individuals. 

 

Table 1. Descriptive statistics of key study variables from 2011-2019. 

Variable N 
Standard 

deviation 
Mean Minimum Median Maximum 

Total population 405 167,382.89 189,155.25 4,610 87,331 1,580,081.00 

Fruits and 

vegetables 
405 53,870.61 24,627.67 371 10,585 257,894.50 

Physical activity 405 227,185.90 92,940.88 2,253 42,243 811,591.00 

Atrazine exposure 405 315,117.43 93,357.76 258 26,180 1,600,000.00 

No physical activity 405 93,413.65 47,914.23 1,326 24,004 425,495.00 

Diabetes 405 37,640.94 20,067.52 517 10,381 189,609.80 

BMI obese 405 90,299.11 56,746.90 1,491 30,149 505,626.00 

BMI overweight 405 233,187.52 123,280.13 3,197 59,362 1,042,854.00 

Age 405 4.62 41.12 29.1 41.2 46.2 

White alone 405 2,879,614.61 581,883.41 6,537 196,152 9,115,388.00 

African or American 

alone 
405 1,220,136.23 109,248.61 295 19,935 6,749,973.00 

American Indian 

and Alaska native 

alone 

405 352,743.26 15,583.28 22 512 1,145,408.00 
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Asian alone 405 324,465.26 28,166.94 31 3,413 456,752.00 

Native Hawaiians 

and Other Pacific 

Islanders alone 

405 160,000 9,871 0 78 456,790 

Median income 405 36,473.61 2,867.83 806 52,638 226,041.00 

Less than high 

school 
405 10,443.98 4,046.81 1.7 2,419 59,742.00 

High school 

graduates 
405 9,247.18 2,596.58 22.1 1,670 42,571.30 

Some college or 

associate 
405 18,650.43 6,129.49 4.17 1,827 118,264.27 

Bachelor’s degree 405 19,432.99 8,900.17 4 4,962 116,518.00 

Note: Descriptive statistics of key variables in the study. The table summarizes the number of observations (N); 

standard deviation; mean; minimum; median and maximum values for various factors, including demographics, 

health indicators and socioeconomic variables. 

 

Furthermore, health-related variables showed diverse distributions. The prevalence of diabetes, for instance, exhibited 

a mean of 20,067.52 cases per 100,000 populations, with a standard deviation of 37,640.94, ranging from 517 to 

189,609.80 cases. Likewise, measures of obesity, as indicated by BMI Obese, ranged from 1,491 to 505,626.00, 

with a mean of 56,746.90 and standard deviation of 90,299.11. Additionally, demographic factors such as race and 

education level showed notable variations. The proportion of individuals identified as White alone had a mean of 

581,883.41 and a standard deviation of 2,879,614.61, while the median income ranged from $806 to $226,041.00, 

with a mean of $2,867.83 and a standard deviation of $36,473.61. These descriptive insights serve as foundational 

knowledge for further analytical pursuits exploring the intricate relationships between the studied variables.  
 

Higher counts of atrazine exposure were analyzed across several counties in Pennsylvania, with Erie, Allegheny, Center, 

and Philadelphia specifically highlighted for their data on the incidence of diabetes (Figure 1). The data revealed 

varying rates of incidence of diabetes among these counties. Erie and Philadelphia counties exhibited higher diabetes 

incidence rates than the state average, suggesting a potential correlation with atrazine exposure levels, as marked by 

purple indicators on the map. In contrast, Allegheny and center counties reported lower or equivalent rates of diabetes 

incidence relative to average state levels. These results are purely observational and reflect the geographic distribution 

of atrazine exposure and reported cases of diabetes in the selected counties in Pennsylvania. 

 

Figure 1. Diabetes and atrazine distribution in Pennsylvania, USA.  

Note: Darker blue indicates higher diabetes counts in the corresponding counties; larger purple diamonds indicate 

higher counts of maximum atrazine exposure (1-3 µg/L). 
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Linear regression was run for all variables in the model with diabetes counts with the primary predictor atrazine 

exposure counts while adjusting for county, total population, educational attainment counts (less than high school, 

high school, some high school or associate, bachelor’s), age, median household income, BMI (obese and overweight 

counts), fruit and vegetable consumption counts, physical activity counts, no physical activity counts and ethnicity 

(White alone, Black or African American alone, Asian alone, Native American Indian and Alaska Native alone, Asian 

alone, Native Hawaiian and other Pacific Islander alone). The overall model was statistically significant (p<0.001) with 

an R2 of 99.34%, indicative of overfitting. Assumptions such as multicollinearity were employed, with many values 

having a Variance Inflation Factor (VIF) of over 10. Subsequently, these variables were removed from the model. The 

remaining variables in the model were diabetes as the dependent variable and atrazine exposure, median household 

income, BMI obesity only, African, or American alone, Native Indian, and Alaska Native alone, age and high school and 

bachelor’s degree educational attainment as predictors.  

 

Multicollinearity when retested was met; however, other assumptions, such as normality and homoscedasticity, were 

not met. As a result, the diabetes and atrazine counts due to variance differences among all counties underwent a log 

transformation. The assumptions of multicollinearity, homoscedasticity, linearity, influential outliers and normality 

were repeated. The assumptions show some improvements, but influential outliers are present. Influential outliers 

were removed from the model and the assumptions were generally met. The final model with log-transformed diabetes 

and atrazine, along with the removal of influential outliers, was tested using cross-validation (Table 2) and sensitivity 

analysis (Table 3). The cross-validation results illustrate the Mean Squared Error (MSE) across ten folds, providing 

insight into the predictive performance of the model. Across the folds, the MSE values ranged from 0.0692 to 0.4449, 

indicating variations in prediction accuracy. Notably, the average MSE across all folds was calculated as 0.1595, which 

serves as an overall indicator of model performance. These results highlight the effectiveness of the model in capturing 

the relationship between the variables and the outcome of interest, with lower MSE values suggesting a better 

predictive accuracy.  

 

Sensitivity analysis revealed notable variations in the predicted values across several variables. For instance, the log-

transformed mean atrazine levels exhibited a substantial increase in the upper-bound prediction with a change of 

+1.063. Conversely, variables such as African or American alone, American Indian, and Alaska Native alone and high 

school graduates demonstrated minimal changes in prediction, with marginal fluctuations of -0.001 to -0.004. 

Interestingly, a bachelor’s degree showed a notable decrease in prediction, with a change of -0.022. Moreover, age 
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and median income displayed modest changes in prediction, with increases of +0.003 and +0.021, respectively. 

Notably, BMI Obese exhibited the most substantial increase in prediction, with a change of +0.325. These findings 

underscore the importance of sensitivity analysis in elucidating the robustness and reliability of model predictions 

across various variables. 

 

Table 2. The final model with log-transformed diabetes and atrazine was tested using cross validation results. 

Fold number Mean Squared Error (MSE) 

1 0.4449 

2 0.0692 

3 0.0998 

4 0.288 

5 0.1749 

6 0.071 

7 0.1194 

8 0.1074 

9 0.1285 

10 0.0919 

Average 0.1595 

Note: The numbers display the Mean Squared Error (MSE) values across 

ten folds obtained from cross-validation. MSE serves as a measure of the 

predictive accuracy of a regression model, with lower values indicating 

better performance. 

 
 

Table 3. The final model with log-transformed diabetes and atrazine was tested using sensitivity analysis. 

Variable 

Lower 

bound 

value 

Upper 

bound value 

Predicted 

lower 

bound 

Predicted 

upper 

bound 

Change in 

prediction 

log_mean 

atrazine levels 
8.958 11.105 8.687 9.75 1.063 

African or 

American alone 
79,682 86,069 9.219 9.218 -0.001 

American 

Indian and 

Alaska Native 

alone 

10,828 10,856 9.219 9.219 0 

High school 

graduates 
2,096 2,570 9.221 9.217 -0.004 

Bachelor’s 

degree 
6,922 8,376 9.23 9.208 -0.022 

Age 40.927 41.327 9.217 9.22 0.003 

Median income 50,429 54,159 9.208 9.229 0.021 

BMI obese 27,604 68,903 9.056 9.381 0.325 

Note: Outputs provide the lower and upper bounds of the predictor variables, along with the 

corresponding predicted lower and upper bounds and the change in prediction. These 

values offer insights into the variability and potential fluctuations in predicted outcomes 

associated with changes in each predictor variable. 

 

The intercept term, representing the expected value of the diabetes outcome when all predictor variables were zero 

(Table 4), yielded a coefficient of 3.3745 (95% CI, 2.5393-4.2097), indicating a statistically significant relationship 

with diabetes (p<0.001). Among the predictors, log-transformed atrazine exposure counts exhibited a strong positive 

association with diabetes outcomes, with a coefficient of 0.4951 (95% CI: 0.4562-0.5341) and a highly significant  
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p-value (p<0.001). Conversely, variables such as race (African or American alone, American Indian and Alaska Native 

alone), education level (high school graduates) and age did not show statistically significant associations with diabetes 

incidence (p>0.05). Interestingly, the education level represented by Bachelor's degree demonstrated a significant 

negative association with diabetes, with a coefficient of -1.53e-05 (95% CI: -2.07e-05, -9.77e-06) and a highly 

significant p-value (p<0.001). This suggests that higher educational levels may have a protective effect against 

diabetes. Additionally, median income was positively associated with diabetes outcomes, as indicated by its coefficient 

of 5.48e-06e (95% CI: 2.05e-06, 8.91e-06) and a significant p-value (p=0.0018). Furthermore, BMI obesity showed a 

strong positive association with diabetes, with a coefficient of 7.87e-06 (95% CI: 6.38e-06–9.36e-06) and a highly 

significant p-value (p<0.001). Overall, the results highlight the critical role of mean atrazine level, educational level 

(bachelor’s degree), median income and obesity (BMI Obese) as significant predictors of diabetes. However, variables 

such as race, educational level (high school graduates) and age were not significantly associated with the incidence 

of diabetes in this analysis. 

 

Table 4. Regression coefficients and statistical significance. 

Variable Coefficient 
Standard 

error 
t-value p-value Significance 95% CI range 

Constant 3.3745 0.425 7.945 <0.001 ** (2.5393, 4.2097) 

log_mean 

atrazine levels 
0.4951 0.02 24.993 <0.001 ** (0.4562, 0.5341) 

African or 

American alone 
-5.23e-08 8.09e-08 -0.647 0.518 - (-2.11e-07, 1.07e-07) 

American Indian 

and Alaska 

Native alone 

-3.31e-07 3.51e-07 -0.943 0.346 
- 

(-1.02e-06, 3.59e-07) 

High school 

graduates 
-8.09e-06 9.84e-06 -0.822 0.412 - (-2.74e-05, 1.13e-05) 

Bachelor’s 

degree 
-1.53e-05 2.79e-06 -5.468 <0.001 ** (-2.07e-05, -9.77e-06) 

Age 0.0086 0.008 1.04 0.299 - (-0.0077, 0.0249) 

Median income 5.48e-06 1.74e-06 3.144 0.0018 ** (2.05e-06, 8.91e-06) 

BMI obese 7.87e-06 7.59e-07 10.37 <0.001 ** (6.38e-06, 9.36e-06) 

Note: **Regression coefficients, standard errors, t-values, p-values, significance levels and 95% confidence 

intervals for each predictor variable in the model. These coefficients indicate the strength and direction of the 

relationship between each predictor and the outcome variable, providing valuable insights into the factors 

influencing the outcome of interest. 

 

For further stability of the model, bootstrapping was used to support the accuracy of the regression (Table 5). A 

statistically significant positive association was observed between log-transformed mean atrazine levels and the 

incidence of diabetes (coefficient=0.3943, p<0.001, 95% CI (0.3316, 0.4495)), indicating that higher levels of 

atrazine exposure may contribute to an increased risk of diabetes. Conversely, demographic variables such as African 

or American alone (coefficient=-1.76e-07, p=0.081) and American Indian and Alaska Native alone (coefficient=-2.46e-

07, p=0.123) did not exhibit statistically significant associations with diabetes prevalence. Furthermore, the 

educational attainment variables, including high school graduates (coefficient=-2.63e-05, p=0.054) and bachelor’s 

degree (coefficient=-1.80e-05, p<0.001, 95% CI (-2.32e-05, -9.66e-06)), displayed negative coefficients, although not 

statistically significant, suggesting a potential protective effect against diabetes. Age (coefficient=0.0048, p=0.308, 

95% CI (-0.0044, 0.0147)) and median income (coefficient=3.00e-06, p=0.048, 95% CI (1.69e-07, 6.01e-06)) were 

moderately positively associated with diabetes, indicating that older age and higher income may slightly increase the 
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risk of diabetes. Moreover, obesity showed a significant positive association with diabetes (coefficient=1.37e-05, 

p<0.001, 95% CI (1.13e-05, 1.64e-05)), highlighting the critical role of obesity as a potent risk factor for this disease. 

These findings provide valuable insights into the complex interplay between various risk factors and diabetes 

prevalence, emphasizing the importance of targeted interventions to mitigate this widespread health issue. 

 

Table 5. Stability of the model, bootstrapping was used to support the accuracy of the regression. 

Variable Mean coeff Standard error 2.5% CI 97.5% CI 

Constant 4.5021 0.3883 3.7633 5.268 

log_mean Atrazine 

levels 
0.3943 0.0303 0.3316 0.4495 

African or American 

alone 
-1.76e-07 1.98e-07 -3.31e-07 -4.87e-08 

American Indian and 

Alaska Native alone 
-2.46e-07 3.06e-06 -1.31e-06 -3.25e-08 

High school 

graduates 
-2.63e-05 1.09e-05 -4.80e-05 -4.36e-06 

Bachelor’s degree -1.80e-05 3.49e-06 -2.32e-05 -9.66e-06 

Age 0.0048 0.0046 -0.0044 0.0147 

Median income 3.00e-06 1.53e-06 1.69e-07 6.01e-06 

BMI obese 1.37e-05 1.34e-06 1.13e-05 1.64e-05 

Note: The table provides coefficient estimates, standard errors, and confidence intervals for predictor 

variables associated with diabetes incidence. Additionally, bootstrapping, a resampling technique, is used 

to assess the robustness of the regression model by generating multiple datasets through random 

sampling with replacement. This method allows for the estimation of the sampling distribution of the 

coefficients and helps evaluate the stability and reliability of the regression results. 

 

DISCUSSION 

The findings of this study provide important insights into the complex interplay between environmental exposure, social 

determinants of health and diabetes outcomes. The primary result was that higher atrazine levels were significantly 

associated with an increased risk of developing diabetes, consistent with a growing body of evidence demonstrating 

the diabetes-inducing effects of atrazine exposure. 

 

A study analyzing the impact of traditional and non-traditional risk factors of type 2 diabetes found that adult exposure 

to atrazine, either alone or in combination with a high-carbohydrate diet, can accelerate the development of the 

disease in Drosophila (Drosophila pseudoobscura) [44]. Similarly, in mouse models, exposure to atrazine can have a 

compounding effect, as mice that were already diabetic were found to be more likely to suffer from an increase in 

kidney and liver damage biomarkers after short-term atrazine exposure [45]. This effect is also evident in human 

populations, although there has not been substantial research on it. For instance, a 2009 study assessing the impact 

of plasma herbicides, including atrazine, on the health of rural Chinese communities revealed that atrazine was among 

the compounds most significantly associated with an increased risk of type 2 diabetes mellitus [46]. 

Mechanistic studies revealed that chronic exposure to atrazine decreased the basal metabolic rate, increased body 

weight, and caused insulin resistance in rats independent of their diet and exercise levels. This is due to atrazine-

triggered damage to mitochondrial function in both human and animal cells [47-50]. This disruption leads to decreased 

oxygen consumption and suppressed insulin-mediated phosphorylation of Akt pathway, potentially contributing to 

oxidative stress and impaired glucose metabolism [47]. 

 

The adverse effects of atrazine go beyond those of diabetes, with studies linking atrazine exposure to decreased 

gonadal hormone concentrations in rats and an increase in the odds of preterm birth in humans [51,52]. These 
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consistent findings underscore the multifaceted detrimental effects of atrazine on various physiological systems, 

corroborating the significance of our observations on its role in diabetes development. In addition, these associations 

were observed even at relatively low exposure levels, under-scoring the need for greater regulation and mitigation of 

atrazine contamination [47-53]. 

 

The ubiquitous presence of atrazine in water sources is a significant public health concern because it allows 

widespread chronic exposure in the general population. Studies have found atrazine in drinking water, surface water, 

and groundwater across the United States of America, with levels often exceeding regulatory limits [53,54]. The ease 

with which pesticides and other environmental contaminants can enter and persist in water systems highlights the 

importance of implementing robust monitoring and treatment strategies. Successful mitigation efforts in other 

contexts, such as the removal of lead and other herbicides from drinking water, have provided models for effectively 

addressing environmental exposure to atrazine [55,56]. 

 

Interestingly, the results indicated that race and ethnicity were not significantly correlated with diabetes outcomes in 

this population. This finding contrasts with epidemiological data that show disparities in the prevalence of diabetes 

across racial/ethnic groups. For example, national surveys have consistently found that Black, Hispanic, and Native 

American individuals have substantially higher rates of diabetes than their Caucasian counterparts do [57,58]. The lack 

of a significant association in our study may be due to the relatively homogeneous racial composition of the sample, 

which was predominantly Caucasian. The underlying drivers of these racial/ethnic differences likely involve complex 

interactions among genetic, socioeconomic, and environmental factors, which require further investigation. 

 

Interestingly, the median household income was positively associated with the prevalence of diabetes. Existing 

population-based literature reveals that a higher median household income has an inverse relationship with diabetes, 

with diabetes prevalence increasing as median household income decreases [47,59]. However, it is important to 

acknowledge that these findings are specifically related to Saskatchewan, Canada, and China. The Income, 

Employment, and Diabetes Report for Minnesota (last updated in 2022) reported that this pattern was true, but only 

for individuals living in households earning less than $35,000 per year [60]. Hence, there might be underlying 

confounding factors present in the context of the median household income data collected for regions in Pennsylvania. 

For instance, higher-income individuals in Pennsylvania may have better access to healthcare resources, leading to 

increased diagnosis and reporting of diabetes cases. This may or may not be true for other regions. 
 

Therefore, investigating the median individual income could serve as a valuable avenue for further exploration, offering 

insights into the relationship between income levels and diabetes prevalence. Educational attainment at the high 

school level showed a minimal association with the risk of diabetes. However, having a bachelor's degree or higher 

was found to have a protective effect, reducing the likelihood of developing the condition. This aligns with research 

demonstrating an inverse relationship between educational level and the prevalence of diabetes [61-63]. Higher 

educational achievement is often linked to greater health literacy, better health behaviors (e.g., monitoring glucose 

levels) and access to resources that can mitigate diabetes risk. Targeted interventions to improve educational 

outcomes, particularly in underserved communities, may be an effective strategy for diabetes prevention. 

 

Consistent with the broader epidemiological literature, Body Mass Index (BMI) in the obese range had the most 

substantial positive effect on diabetes outcomes in this study. Numerous studies have established obesity as a primary 

driver of type 2 diabetes, with a graded increase in risk as the BMI increases [64-66]. The biological mechanisms 

underlying this relationship include obesity-induced insulin resistance, impaired pancreatic cell function and chronic 
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inflammation, all of which contribute to disease development [67]. While overweight status (BMI 25-29.9 kg/m²) has 

been associated with elevated diabetes risk, the current findings suggest that the obese category (BMI ≥ 30 kg/m²) 

may represent a more critical threshold for determining diabetes outcomes [68]. This is consistent with our study's 

findings, which revealed a significant relationship between BMI (obese) and diabetes, but not between BMI 

(overweight) and diabetes [69]. 

 

The strengths of this study include the use of a large, diverse dataset that allowed for the examination of multiple 

environmental, sociodemographic and lifestyle factors in relation to diabetes outcomes. The inclusion of atrazine 

exposure data, which is often lacking in population-based studies, provides a unique opportunity to assess the impact 

of this ubiquitous environmental contaminant. However, this study had some limitations. As the data were aggregated 

at the county or district level, the findings may not be generalizable to the individual level. Additionally, binning the 

data into 3-year intervals might oversimplify the trends or variations within each individual year, potentially obscuring 

important fluctuations, or patterns. Grouping smaller counties into regions could introduce biases or inaccuracies, as 

it assumes homogeneity within each region and may overlook important differences between individual counties. 

Furthermore, focusing solely on the number of people exposed to the highest levels of atrazine may overlook important 

nuances in exposure patterns, thus limiting our ability to detect associations with health outcomes. Finally, the lack of 

median individual income data is a notable limitation, as income is an important socioeconomic factor that can 

influence diabetes prevalence. 

 

Future research should focus on longitudinal cohort studies that can track individual level exposures, such as atrazine, 

over time and assess their long-term impact on the development of diabetes and other adverse health outcomes. 

Integrating environmental data with comprehensive health records and socioeconomic indicators is pivotal for un-

raveling the intricate interactions among these multifaceted determinants of diabetes. Moreover, conducting 

qualitative inquiries into the lived experiences and perspectives of individuals in communities disproportionately 

affected by environmental pollutants and diabetes could offer valuable insights to shape more targeted interventions.  

 

CONCLUSION 

In conclusion, the substantial economic and social impacts of diabetes in the United States of America underscore 

the potential significance of addressing both traditional and emerging risk factors such as environmental 

contaminants such as atrazine. Although the observed association between atrazine exposure and increased risk of 

diabetes points to the possibility that environmental factors play a role, further research is necessary to confirm these 

findings and fully understand their implications. Similarly, socioeconomic factors such as income and education levels 

appear to influence diabetes prevalence and management, suggesting that interventions tailored to lower 

socioeconomic groups could be beneficial. 
 

It is essential for stakeholders in the health, environmental and regulatory sectors to collaborate in developing 

cautious and well-informed strategies for diabetes prevention and management. This collaboration should focus on 

strengthening regulations on harmful substances, enhancing public awareness of diabetes risks, and improving 

accessibility for early detection and intervention. By adopting a careful and integrated approach, we can better address 

the complex challenges of diabetes and reduce its burden on society. 
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