
Abstract — Diabetes is a growing public health concern in the 

United States and worldwide, contributing significantly to 

morbidity and mortality rates. Previous research has identified 

risk factors for diabetes as both modifiable and nonmodifiable. 

Machine learning methods, including Neural Networks, Random 

Forest, and Support Vector Machines, have shown promise in 

predicting diabetes identification. This study evaluates the 

performance of these models to enhance early detection and 

prevention strategies for diabetes, ultimately aiming to improve 

public health outcomes and reduce the burden of diabetes-related 

complications and financial expenses. The analysis utilizes data 

from the 2022 Behavioral Risk Factor Surveillance System, a 

nationwide health survey conducted by the Centers for Disease 

Control and Prevention, incorporating 90 health-related 

variables and 147,472 participants. Factor Analysis for Mixed 

Data was used to identify seven diabetes-associated factors: 

General Health and Socioeconomic Status, Smoking Behavior 

and Smoking History, Healthcare Access and Preventive Care, 

Perceived Racial and Ethnic Classification, Mental Health and 

Social Support, Weight Status, and Substance Use and Well-

being. The predictive effectiveness of these seven diabetes-

associated factors was examined using the three machine-

learning models. All models demonstrated a consistent accuracy 

of approximately 0.89. Notably, the Neural Networks classifier 

exhibited well-balanced performance across the key metrics, 

including accuracy, precision, recall, and F1-score. The top three 

diabetes-associated factors identified across all models were 

Mental Health and Social Support, Healthcare Access and 

Preventive Care, and General Health and Socioeconomic Status, 

underscoring their critical roles in diabetes prediction. 

Keywords—Diabetes; Predictive Factors; Machine Learning; 

Factor Analysis of Mixed Data; BRFSS 

I. INTRODUCTION

It is estimated that 11.6% of the total American population has 

diabetes, diagnosed or undiagnosed [1], and rates of diabetes 

are rising quickly in the U.S. [2]. Diabetes is the eighth leading 

cause of death in the U.S. [3] but causes poorer outcomes or 

increases risk of seven of the other nine leading causes of death 

including heart disease [4], cancer [5], COVID-19 [6], stroke 

[7], Alzheimer’s disease [8], kidney disease [9], and liver 

diseases [10]. The high rates of diabetes also have a significant 

impact on the healthcare system, and the costs of those with 

diabetes are estimated 2.6 times higher than for those without 

diabetes, and a quarter of US health spending is on people with 

diabetes [11]. 

A. Risk Factors for Diabetes

Approximately 90% of diabetes cases are type 2 diabetes 

(T2DM) [12], and the known risk factors for T2DM can be 

characterized as modifiable and nonmodifiable. Modifiable 

risks include unhealthy diet [13], sedentary lifestyle [14], 

smoking [15], overweight and obesity [16], central adiposity 

[2], high blood pressure [17], sleep problems [18], low income 

and less education [19], and so on. Non-modifiable risks 

include older age [20], gender [1], family history of diabetes 

[21], non-white ancestry [1], and history of gestational diabetes 

[2].  

It is estimated that up to 90% of T2DM cases could be 

prevented [12] through diet, exercise, weight loss [22], and 

medications [23]. Before a person is found to have T2DM, 

prediabetes is often observed, which indicates a high risk of 

developing T2DM [23]. It is estimated that 38% of U.S. adults 

have prediabetes [1], which is reversible with lifestyle changes 

and medications, but 31% to 41% of those will develop 

diabetes within 12 years [23]. In addition, it is estimated that a 

quarter to a third of all cases [1] are undiagnosed diabetes, and 

the time elapsed until diagnosis can be lengthy, from four to 

seven years on average [24, 25].  

Prompt diagnosis and treatment of diabetes is critical because 

poorly controlled diabetes increases the risk of cardiovascular 

disease (CVD) [26], kidney disease and kidney failure [27], 

retinopathy [28], peripheral neuropathy [29], and mortality [3]. 

B. Machine Learning Applications in Diabetes Prediction

As technology advances in processing massive amounts of 

data, more and more researchers have evaluated and predicted 

the occurrence, development, and prognosis of diseases using 

machine learning methods. To learn more about the risk factors 

and consequences of some health problems, studies mine vast 

amounts of epidemiological data. For example, Ma and 

colleagues used a backpropagation artificial neural network 

(ANN) to establish a predictive model and predict childhood 

asthma [30], and a multivariable logistic regression model was 

developed to assess the prevalence of stroke in patients with 

prediabetes and diabetes and to identify predictors of stroke 

[31]. 

Chowdhury and colleagues analyzed 2021 BRFSS data with 20 

selected variables to identify diabetes risk and investigate how 

sampling techniques impact the accuracy of models [32]. 

Sampling techniques to address imbalanced data included the 
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Synthetic Minority Oversampling Technique (SMOTE), Edited 

Nearest Neighbors (ENN), and SMOTE-ENN. Then, logistic 

regression, gradient boosting, AdaBoost, and Random Forest 

(RF) machine learning algorithms were applied to each 

sampling technique. The authors found that sampling strategies 

improved accuracy in all models, with ENN being the most 

effective.  

A study analyzed 22 features from the 2015 BRFSS dataset to 

detect risk factors for diabetes [33]. Machine learning models, 

including K-Nearest Neighbor (KNN), RF, XGBoost, bagging, 

and AdaBoost, were utilized with a Synthetic Minority Over-

sampling Technique integrated with the Edited Nearest 

Neighbor (SMOTE-ENN) for treating imbalanced data. KNN 

was found to be the most accurate at 98.4%. The authors 

attributed the high accuracy to SMOTE-ENN.  

The 2015 BRFSS dataset has also been utilized to identify risk 

factors for T2DM using various machine learning models, 

including Support Vector Machine (SVM), decision tree, 

logistic regression, random forest (RF), Gaussian Naïve Bayes, 

and neural networks (NN) [34]. Twenty-seven variables were 

selected for analysis, and imbalanced data was addressed using 

the Synthetic Minority Over-sampling Technique (SMOTE). 

While all models demonstrated high accuracy, the NN 

achieved the highest accuracy at 82.4%. 

Another study by Saeed [35] analyzed 21 variables from the 

2022 BRFSS dataset and nine from the PIMA dataset to 

identify the most effective model for predicting diabetes risk 

among Decision Tree Classifier (DTC), AdaBoost, Gradient 

Boosting Classifier (GBC), and Extra Trees Classifier (ETC). 

ETC demonstrated the highest accuracy, achieving 0.89 for the 

PIMA dataset and 0.96 for the BRFSS dataset. 

C. Machine Learning Techniques in the Current Study

In this study, three different machine learning techniques, 

including NN, RF, and SVM, have been tested. Neural 

networks, a type of machine learning, were first developed in 

the mid-1900s [36] to replicate human brain processes. They 

consist of interconnected neurons, or nodes, that act as 

signaling units. Each node receives one or more inputs, and if 

the weighted sum exceeds a threshold, it activates subsequent 

neurons. Nodes are organized into layers. The first layer is 

called the input layer, and the last layer is the output layer. 

Nodes between the input and output layers are in hidden layers, 

making the model a black box [36]. Models with more than 

three layers are classified as deep learning [37]. Neural 

networks learn by adjusting node weights to produce the 

desired outputs, making them effective for pattern recognition, 

latent factor discovery, and new data analysis.  

Random forest classification, introduced by Breiman in 2001 

[38], is a machine learning method used to create predictive 

models. It consists of multiple decision trees trained using the 

Classification and Regression Tree (CART) algorithm, with 

randomly selected variables. Key parameters such as node size, 

the number of trees, and feature sampling are set before 

training. Results are validated using out-of-bag samples. 

Support Vector Machines (SVMs), developed by Cortes and 

Vapnik in 1995, are designed for classification tasks [39]. 

SVMs utilize binary classification to identify an optimal 

hyperplane with a maximum margin classifier. SVM can be 

applied to non-linear problems with the kernel function [40]. 

They can handle non-linear problems using kernel functions 

[40]. Compared to NN and decision trees, SVMs are less prone 

to overfitting but are also less flexible and more difficult to 

interpret [37]. 

D. Growing Need for Improved Diabetes Prediction

Diabetes has long been a critical public health issue, and the

COVID-19 pandemic has further exacerbated the situation. A

systematic review and meta-analysis of nine studies involving

40 million participants found a statistically significant increase

in the relative risk of both type 1 and type 2 diabetes following

SARS-CoV-2 infection [41]. This elevated risk was observed

across all age groups and genders, with the greatest risk

occurring within the first three months after infection [41].

Under these new circumstances, it is crucial to identify the

predictive factors for T2DM using the most comprehensive

database available—BRFSS—and to raise public awareness.

This study has two primary objectives. First, it aims to classify

diabetes-related variables obtained from large-scale health data

and identify key factors associated with diabetes. Second, it

seeks to apply various machine learning classifiers to

determine the most important predictors of diabetes, ultimately

enhancing the accuracy of diabetes prediction models.

The overarching goal of this study is to provide empirical

evidence that federal and state governments can use to improve

public health management and policy guidance. The findings

will help encourage high-risk individuals to undergo screening

for prediabetes or diabetes, raising awareness of existing and

potential health risks. Additionally, the study aims to inform

preventive measures for those without diabetes, reducing their

likelihood of developing the disease.

II. METHODS

A. Data Source

The Behavioral Risk Factor Surveillance System (BRFSS) is 

the largest health survey system in the world conducted by the 

United States Centers for Disease Control and Prevention 

(CDC). It gathers information related to health behaviors, 

chronic diseases, and disease prevention among U.S. adults 

through the telephone [42]. The yearly survey was started in 

1984, and by 2001, all 50 states and territories participated 

[42]. Administered at a state and local level under the guidance 

of the CDC, the BRFSS surveys more than 400,000 people per 

year [42]. BRFSS data have been utilized to identify emerging 

health problems, track health aims, and assess public health 

problems, which has been consistently found to be a reliable 

and valid dataset [43].  

This study utilizes data from the 2022 BRFSS, which includes 

445,132 participants and 328 variables, encompassing a broad 

spectrum of demographic, lifestyle, and health-related factors. 

This extensive dataset provides a robust foundation for 

analyzing diabetes-associated factors and developing predictive 

models. 

B. Data Preparation

Data preprocessing was conducted to ensure data quality and 
consistency. This involved the following steps: 
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1. Feature Selection:

The target variable, "(Ever told) you had diabetes," was 
analyzed with three categories: "Yes," "No," and "No, pre-
diabetes or borderline diabetes." A total of 121 features 
associated with diabetes diagnosis—including demographic, 
lifestyle, and health indicators—were selected for analysis. 

2. Handling Missing Values:

Features with more than 90% missing values were excluded 
from the analysis. Missing data in categorical features were 
addressed using multiple imputations, while median 
imputation was applied to continuous features. The final 
dataset comprised 147,472 participants and 90 features, 
including 17 numerical and 73 categorical features. 

C. Factor Analysis for Mixed Data (FAMD)

Given the high dimensionality of the current dataset,  

Factor Analysis for Mixed Data (FAMD) was used for 

dimensionality reduction. FAMD extends Principal 

Component Analysis (PCA) to accommodate both numerical 

and categorical features simultaneously [44]. It handles these 

feature types automatically without the need for manual one-

hot encoding of categorical features or normalization of 

numerical features. This technique has been shown to be 

effective in managing complex educational data by reducing 

the number of predictors [45, 46]. The optimal number of 

factors was determined based on the scree plot and the 

cumulative variance explained.  The prince library in Python 

was used to perform FAMD. The factors extracted through 

FAMD were then used as inputs for the machine learning 

models. 

D. Machine Learning Methods

1. Neural Networks (NNs):

A feedforward neural network (FNN) was implemented using 
TensorFlow/Keras in Python for multiclass classification. The 
model architecture consists of two hidden layers with the 
ReLU activation function. To improve generalization and 
prevent overfitting, regularization techniques such as Dropout 
and Batch Normalization were applied. The model was 
compiled using the Adam optimizer with a learning rate of 
0.0005. Additionally, an early stopping mechanism was 
implemented to enhance training efficiency by preventing 
unnecessary epochs and retaining the best-performing model. 

2. Random Forest (RF):

A Random Forest (RF) classifier was implemented using 
Scikit-Learn in Python. The model was fine-tuned by adjusting 
hyperparameters such as the number of trees 
(n_estimators), the maximum depth of the trees 

(max_depth), and by using GridSearchCV to perform an 

exhaustive search over a range of values to find the best 
combination of hyperparameters. Model performance was 
evaluated using classification metrics, including accuracy, 
precision, recall, and F1-score, with all metrics measured using 
a weighted average approach to account for class imbalances.   

3. Support Vector Machine (SVM):

A Support Vector Machine (SVM) classifier was implemented

and fine-tuned by adjusting the regularization parameter (C),

kernel type, and gamma parameter. The final model was

III. RESULTS

A. FAMD

A combined visualization of the scree plot and cumulative

percent of variance explained was created to aid in factor

extraction (see Figure 1). According to the scree plot, the first

seven factors were selected based on eigenvalues greater than

1. Following the Kaiser criterion, it is recommended to retain

factors that cumulatively explain at least 70% of the variance

[47]. In this analysis, the first seven factors accounted for a

cumulative variance of 80%.

The most relevant features for each factor were identified based 

on a factor loading of 0.3 or higher, and each factor was 

labeled accordingly based on its loading features. 

The first factor, General Health and Socioeconomic Status, is 

defined by features such as general health, physical health 

status, difficulty concentrating or remembering, employment 

status, physical limitations, education level, and income level. 

The second factor, Smoking Behavior and Smoking History, is 

characterized by features such as age, smoking status, smoking 

frequency, and cigarette consumption. 

The third factor, Healthcare Access and Preventive Care, 

includes features related to the length of time since the last 

routine checkup or flu shot, access to personal health care 

providers, and access to health insurance.  

The fourth factor, Perceived Racial and Ethnic Classification, 

is identified by features such as individuals’ self-reported 

ethnicity, racial perception, and treatment experiences. 

The fifth factor, Mental Health and Social Support, 

encompasses features such as a history of depressive disorders, 

providing regular care for a family member or friend, number 

of days with poor mental health, overall mental health status, 

emotional support received, and perceptions of social isolation. 

The sixth factor, Weight Status, includes features such as body 

mass index (BMI) categories and overweight or obesity 

classification.  

The seventh and final factor, Substance Use and Well-being, is 

defined by features such as alcohol use, marital status, and life 

satisfaction. 

After the factors were determined, it was essential to assess the 

internal consistency of the features that load onto each factor to 

ensure reliability in factor identification. To this end, 

Figure 1. Combine scree plot and cumulative percent of variance explained 

evaluated on the test set using various classification metrics,

including accuracy, precision, recall, and F1-score.
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Cronbach’s Alpha was used to evaluate how well a set of 

features align with a single factor. A Cronbach’s Alpha of 0.7 

or higher typically indicates that the features are reasonably 

cohesive, and thus, the identified factors are appropriate for 

further analysis. 

The reliability of the extracted factors is summarized in Table 

1. As shown, the Cronbach’s Alpha values ranged from 0.8416

to 0.9759, suggesting that the items defining each factor are

consistent and reliable.

Table 1. Internal reliability of the extracted factors 

Component Extracted Factors Items Cronbach’s 
Alpah 

Comp. 1 General Health and 
Socioeconomic Status 

11 0.9456 

Comp. 2 Smoking Behavior and 
Smoking History 

4 0.8576 

Comp. 3 Healthcare Access and 
Preventive Care 

5 0.8997 

Comp. 4 Perceived Racial and 
Ethnic Classification 

5 0.9638 

Comp. 5 Mental Health and Social 
Support 

5 0.8416 

Comp. 6 Weight Status 3 0.9759 

Comp. 7 Substance Use and Well-
Being 

4 0.8790 

B. Machine Learning

The transform function was used to project the original data 

into a lower-dimensional space defined by the principal factors. 

The factors extracted through FAMD were then used as input 

features for training three machine learning classifiers (NN, 

RF, SVM). Model performance metrics, including accuracy, 

precision, recall, and F1-score, were calculated to evaluate their 

performance. These metrics are commonly used in 

classification tasks, especially when dealing with imbalanced 

classes. 

Accuracy is the proportion of correct predictions (both true 

positives and true negatives) out of all predictions. Precision 

refers to the proportion of correctly predicted positive instances 

out of all instances predicted as positive, indicating how many 

of the predicted positives are actually true positives. Recall 

measures the proportion of correctly predicted positive 

instances out of all actual positive instances, highlighting how 

well the model identifies all positive cases. Lastly, the F1-score 

is the harmonic mean of precision and recall, providing a 

balanced evaluation of the model's performance when both 

false positives and false negatives are of importance. 

The comparisons of the performance metrics of the three ML 

classifiers are summarized in Table 2. 

Table 2. Comparison of machine learning model performance 

Metric Neural 

Network (NN) 

Random 

Forest (RF) 

Support Vector 

Machine (SVM) 

Accuracy 0.8886 0.8819 0.8881 

Precision 0.8413 0.8417 0.8561 

Recall 0.8646 0.8619 0.8603 

F1-score 0.8528 0.8510 0.8598 

1. Neural Networks (NNs):

The model was trained for up to 30 epochs with a batch size 
of 64. The training and validation losses are presented in 
Figure 2. The model appears to have effectively learned from 
the training data and generalizes well to unseen data, as 
evidenced by the stable and relatively low validation loss. 
Both the training and validation losses decrease and stabilize, 
indicating that the model is not overfitting. 

The model achieved an accuracy of 0.8886, indicating it 

correctly classified approximately 89% of the instances. 

The precision of 0.8413 suggests that when the model 

predicted a positive class, it was correct 84.13% of the 

time. The recall of 0.8646 indicates that the model was 

able to identify 86.46% of the actual positive cases. 

Finally, the F1-score of 0.8528 balances precision and 

recall, providing a strong measure of the model's overall 

performance. These metrics suggest that the NN model 

performs well in both correctly identifying positive 

cases and minimizing false positives. 

Permutation Importance was calculated to evaluate 

factor values and their importance in the NN model, as 

presented in Table 3. The top three predictive factors for 

diabetes diagnosis are Healthcare Access and 

Preventive Care, Weight Status, and Mental Health and 

Social Support. 

Figure 2. Training and validation losses 
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Table 3. Factor importance of the NN model 

Factor Importance 

Healthcare Access and Preventive Care 0.0217 

Weight Status 0.0130 

Mental Health and Social Support 0.0049 

General Health and Socioeconomic Status 0.0036 

Substance Use and Well-Being 0.0018 

Smoking Behavior and Smoking History 0.0013 

Perceived Racial and Ethnic Classification 0.0002 

2. Random Forest (RF):

The RF model achieved an accuracy of 0.8819, correctly 

classifying approximately 88.19% of the instances. The NN 

model slightly outperforms the RF in overall accuracy. The 

precision of 0.8417 is comparable to that of the NN model. 

The RF model's recall of 0.8619 indicates that it correctly 

identified 86.19% of all actual positive cases, which is slightly 

lower than the NN model's performance. With an F1-score of 

0.8510, the RF model demonstrates a balance between 

precision and recall. While both the NN and RF models 

perform similarly, the NN model has a marginal advantage in 

overall performance. 

The feature importance of the RF model is presented in Table 

4. The top three predictive factors for diabetes diagnosis were

found to be Mental Health and Social Support, Healthcare

Access and Preventive Care, and General Health and

Socioeconomic Status.

 Table 4. Factor importance of the RF model 

Factor Importance 

Mental Health and Social Support 0.1620 

Healthcare Access and Preventive Care 0.1604 

General Health and Socioeconomic Status 0.1542 

Smoking Behavior and Smoking History 0.1374 

Weight Status 0.1314 

Perceived Racial and Ethnic Classification 0.1273 

Substance Use and Well-Being 0.1273 

3. Support Vector Machine (SVM):

An SVM classifier with a hyperparameter C of 0.1 and an

rbf kernel was trained. The model achieved an accuracy of

0.8881, a precision of 0.8561, a recall of 0.8603, and an F1

score of 0.8598. The SVM model performs similarly to the

RF and NN models, with a notable advantage in model

precision.

The feature importance for the SVM model is presented in

Table 5. The top three predictive factors for diabetes

diagnosis were consistent with those identified by the RF

model.

Table 5. Factor importance of the SVM model 

Factor Importance 

Mental Health and Social Support 0.0222 

Healthcare Access and Preventive Care 0.0189 

General Health and Socioeconomic Status 0.0157 

Smoking Behavior and Smoking History 0.0073 

Perceived Racial and Ethnic Classification 0.0031 

Weight Status 0.0015 

Substance Use and Well-Being 0.0007 

IV. DISCUSSION

The United States has a high prevalence of undiagnosed 

diabetes, accounting for an estimated 25% to 33% of all cases 

[1]. Timely diagnosis and treatment are crucial, as poorly 

managed diabetes significantly increases the complications and 

mortality. Conversely, early diagnosis and appropriate 

treatment have been shown to improve short-term glycemic 

control [48], slow disease progression [49], and reduce the risk 

of complications such as cardiac events [50, 51] and 

retinopathy [52]. Despite the inconsistencies in diabetes 

screening guidelines among public health agencies, earlier 

identification and treatment of T2DM could improve health 

outcomes and reduce healthcare costs.  

The top seven factors accounted for approximately 80% of the 

variance, with General Health and Socioeconomic Status 

emerging as the most influential. Diabetic complications are 

major disease-specific determinants of quality of life, 

significantly affecting both physical and mental well-being 

[53]. This explains why individuals with diabetes can often be 

identified by their general health status, physical limitations, 

mental health challenges, and vision problems. Diabetes and its 

complications can lead to illness, job loss, and reduced 

workforce participation, further impacting socioeconomic 

stability.  

Socioeconomic status (SES) plays a crucial role in both 

physical and mental health. Studies have shown that 

individuals from lower SES backgrounds are at a higher risk of 

developing diabetes and experiencing additional diabetes-

related complications compared to those from higher SES 

backgrounds [54]. A study in Great Britain found that 

unemployment rates were significantly higher among 

individuals with diabetes compared to those without (22% vs. 

8% in males, 12% vs. 5% in females; p < 0.001) [55]. 

Furthermore, employment status and income level influence 

economic stability and, consequently, the risk of developing 

T2DM. A 2022 study using data from the Dutch Lifeline 

prospective cohort reported that individuals with a monthly 

income below €1000 had a significantly higher risk of 

developing T2DM (OR 1.71 [95% CI 1.30–2.26]) [56]. 

Similarly, a 2023 retrospective cohort study found that children 

and adolescents from very low- and low-income families had 

an increased risk of T2DM diagnosis (aHR 1.55; 95% CI 1.41–

1.71 and aHR 1.34; 95% CI 1.27–1.41, respectively) compared 

to those from higher-income families [57]. 

International Journal of Engineering Research & Technology (IJERT)

ISSN: 2278-0181http://www.ijert.org

IJERTV14IS030049
(This work is licensed under a Creative Commons Attribution 4.0 International License.)

Published by :

Vol. 14 Issue 03, March-2025

www.ijert.org
www.ijert.org


Our findings align with a 2005 BRFSS dataset analysis, which 

reported that individuals from households with an annual 

income below $15,000 experienced more days of poor physical 

and mental health in the past month compared to those in 

households earning $50,000 or more [19]. These findings 

underscore the strong link between socioeconomic status, 

health disparities, and diabetes outcomes. 

The second factor, Smoking Behavior and Smoking History, is 

characterized by smoking status, smoking frequency, and 

cigarette consumption. Cigarette smoking is associated with 

many health problems, including diabetes [58, 59, 60]. A 

prospective cohort study of 78,212 Koreans demonstrated that 

the risk of developing diabetes increased in a dose-dependent 

manner, with longer smoking duration significantly correlating 

with higher risk (p < 0.05) [61]. Tobacco smoke contains over 

4,000 chemicals, including heavy metals that can induce 

insulin resistance [58]. A review study identified several 

mechanisms through which smoking contributes to diabetes by 

disrupting carbohydrate metabolism: 1) elevated abdominal 

adiposity and metabolic syndrome, 2) oxidative stress, 

endothelial dysfunction, and nicotine-induced insulin resistance 

via multiple neurotransmitters and catecholamines, 3) 

increased inhibition of insulin receptor substrate-1 

phosphorylation, leading to reduced glucose absorption, and 4) 

alkaloids in tobacco altering sex hormone balance [58].   

The third factor is Healthcare Access and Preventive Care. 

Given the higher likelihood of developing multiple 

complications due to diabetes, individuals with diabetes require 

more medical assistance, such as regular check-ups, visits to 

healthcare providers, flu vaccinations, and financial support 

from health insurance. The lived experience of regular check-

ups for people with T2DM has shown a universally positive 

impact on patients' lifestyles by enhancing their knowledge and 

ability to manage daily life [62].  

A 2024 study of 625,279 elderly participants with hypertension 

found significant reductions in CVD-related mortality and all-

cause mortality for those who adhered to regular health check-

ups (HR: 0.442, 95% CI: 0.434-0.450; HR: 0.441, 95% CI: 

0.435-0.448) [63]. However, even when controlling for similar 

diabetes and multiple chronic conditions, this population—

particularly racial minorities—faced an increased risk of losing 

access to certain services during the COVID-19 pandemic [64]. 

Furthermore, Doucette et al. [65] reported that individuals with 

private insurance were more likely to receive flu vaccinations 

(OR=1.75, 95% CI: 1.37-2.25), diabetes education (OR=1.36, 

95% CI: 1.06-1.74), and standard diabetes services compared 

to uninsured individuals with diabetes. 

The fourth factor, Perceived Racial and Ethnic Classification, 

reflects an individual’s self-reported ethnicity, racial 

perceptions, and experiences of treatment. The prevalence of 

diabetes varies among different racial groups. According to the 

2011-2016 U.S. National Health and Nutrition Examination 

Surveys (NHANES), among individuals aged 20 and older, 

Hispanic Americans have the highest diabetes prevalence 

(22.1%), followed by non-Hispanic Black adults (20.4%), non-

Hispanic Asian Americans (19.1%), with non-Hispanic White 

Americans having the lowest prevalence (12.1%) [66].  

Unfortunately, the COVID-19 pandemic exacerbated the link 

between racism and health, placing Black, Indigenous, and 

People of Color (BIPOC) at an even higher risk for mental 

health challenges and substance abuse [67]. During the 

pandemic, a survey conducted in April 2020 among American 

Indian, Alaska Native, Asian, Black, and Latino youth revealed 

that 72% of respondents had experienced at least one form of 

ethnic/racial discrimination, with Black individuals reporting 

significantly higher levels of exposure [67]. A separate U.S. 

national online survey conducted in April 2020 of young adults 

aged 18-25 years found that Asian American and Black 

American groups scored significantly higher on the 

Coronavirus Racial Bias Scale compared to other groups, such 

as American Indian/Alaskan Natives and Latinx populations 

[68].  

Racial discrimination can contribute to mental distress, and our 

results, based on data collected in 2022 during the ongoing 

COVID-19 pandemic, suggest that racial perceptions and 

treatment experiences play a significant role in predicting the 

diabetes population. This indicates that, in addition to 

managing health issues, many people with diabetes were also 

experiencing stress related to their racial identity during the 

pandemic.  

The fifth factor, Mental Health and Social Support, includes 

overall mental health status, history of depressive disorders, 

and perceptions of social isolation. Our results indicate that 

mental health and emotional factors play a crucial role in 

predicting diabetes. Jacobson and colleagues reported that 

patients with either type of diabetes, who had higher 

comorbidity severity, scored lower on all domains of the 36-

Item Short Form Survey measuring health status and quality of 

life, including general mental health, social functioning, 

energy/vitality, and role limitations due to both physical and 

mental health [69]. 

People with chronic diseases, including diabetes, face 

additional challenges to their health and financial well-being, 

especially due to the COVID-19 pandemic. Gregg and 

colleagues found that diabetes was the leading cause of severe 

morbidity in COVID-19 patients, and conversely, COVID-19 

had a devastating impact on individuals with diabetes [70]. An 

online survey of 2,176 U.S. adults conducted between May 29, 

2020, and June 30, 2020, assessed depression, anxiety, 

resilience, perceived stress, and diabetes-related distress. The 

study found that people with T2DM experienced significantly 

greater depressive symptoms (p < 0.05) and significantly lower 

levels of resilience (p < 0.05) compared to those without 

diabetes [71]. 

Social support is critical to health improvement, particularly 

during the pandemic. A meta-analysis evaluating 11 studies 

revealed that people with T2DM who had low social support 

were twice as likely to develop depression compared to those 

with high social support [72]. Additionally, social isolation and 

loneliness contribute to the onset of various health problems, 

including diabetes, cardiovascular disease, immune system 

issues, cancer, and mental health disorders [73]. The UK 

Biobank cohort study, with 423,503 adult participants and an 

average follow-up of 13.5 years, along with the China Health 

and Retirement Longitudinal Study, which involved 13,800 

adult participants with an average follow-up of 5.8 years, both 

showed that individuals who felt lonely and did not actively 

engage in leisure or social activities had a higher risk of 

developing T2DM [74].  
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The sixth factor, Weight Status, refers to body mass index 

(BMI) and classifications of overweight or obesity. According 

to the World Health Organization [75], in 2022, 43% of adults 

aged 18 and older were overweight, while 16% were obese 

worldwide. Overweight and obesity have become the fifth 

leading cause of global deaths and contribute to 44% of the 

diabetes burden, 23% of ischemic heart disease cases, and 

approximately 7–41% of certain cancers [76].  

The situation is even more concerning in the United States. 

According to the 2015-2016 NHANES data, 31.8% of U.S. 

adults (≥ 20 years old) were overweight, 39.8% were obese, 

and 7.6% were classified as extremely obese [77]. These 

conditions have been identified as major risk factors for 

numerous severe health issues, including all-cause mortality, 

hypertension, T2DM, dyslipidemia, heart disease, stroke, 

multiple cancers, and reduced quality of life [78]. A study 

analyzing data from 310,000 Chinese participants found that 

when BMI reached 24 kg/m² or higher, the risk of diabetes and 

metabolic syndrome increased significantly. However, 

maintaining a BMI below 24 kg/m² was associated with a 45–

50% reduction in risk [79]. 

The final factor, Substance Use and Well-Being, includes 

elements such as alcohol use, marital status, and life 

satisfaction. Similar to cigarette smoking, alcohol consumption 

has also been shown to predict diabetes in this study. While 

light or moderate alcohol consumption has traditionally been 

associated with a reduced risk of CVD and mortality, the 

amplification of these protective effects has been questioned 

due to systematic selection bias in studies [80] and misleading 

information spread by the alcohol industry [81]. Similar 

findings in Chinese [82] and Indian populations [83] did not 

confirm these protective effects. Another study compared the 

risks of heart failure, stroke, hypertensive disease, and aortic 

aneurysm in individuals consuming 100 g of alcohol per week 

versus 0-25 g per week, showing a positive linear association 

rather than a J-shaped distribution [84].  

Additionally, marital status or cohabitation has been shown to 

be associated with diabetes. Studies have demonstrated that 

people living alone (single, divorced, or widowed) have higher 

rates of prediabetes [85] and diabetes [86, 87, 88]. This may be 

attributed to elevated stress, unhealthy diets, and a lack of 

social support for those living alone [89]. As discussed earlier, 

diabetes-related complications can negatively impact both 

physical and mental health [53]. Consequently, life satisfaction 

may decrease due to the reduced quality of life and 

psychosocial distress [90]. In addition to managing disease 

treatment and control, support and care from family, 

community, and society are essential to improving the life 

satisfaction of individuals with diabetes.  

The variables identified in this study include age, gender, 

exercise, sleep, educational level, prediabetes status, and more. 

While previous research has examined the relationships 

between these factors and diabetes, our analysis of the 2022 

BRFSS dataset highlights several key predictors. Many 

diabetes-related variables clustered into broader factors, with 

Mental Health and Social Support, Healthcare Access and 

Preventive Care, and General Health and Socioeconomic Status 

emerging as the top three predictors of diabetes. Additionally, 

smoking, body weight, alcohol consumption, marital status, 

and life satisfaction were strongly associated with diabetes risk. 

A randomized clinical trial among U.S. adults at high risk for 

T2DM found that lifestyle interventions and medication 

(metformin) reduced the incidence of diabetes by 58% and 

31%, respectively, regardless of gender, age, race, or ethnicity 

[91]. Our results further confirm that lifestyle plays a crucial 

role in diabetes prediction. 

These findings can help inform targeted interventions, 

particularly when modifiable factors such as smoking, social 

interaction, weight management, alcohol consumption, and 

marital status are involved. 

V. STRENGTHS AND LIMITATIONS

To our knowledge, this is the first study to use machine 

learning to analyze nearly 100 health- and lifestyle-related 

factors from epidemiological data to predict diabetes. The three 

tested models—NN, RF, and SVM—all demonstrated a high 

predictive accuracy of approximately 0.89, indicating that 

diabetes can be effectively predicted based on individuals’ 

health and lifestyle information. This study specifically utilized 

BRFSS 2022 data to examine diabetes-associated factors in the 

context of the COVID-19 pandemic. 

Despite the extensive dataset used, several limitations should 

be acknowledged. First, as the data were collected from the 

U.S. population, the findings may not be generalizable to 

populations with significantly different lifestyle habits. Second, 

BRFSS data were obtained through telephone surveys of 

noninstitutionalized adults, excluding individuals without 

landlines or those residing in long-term care facilities. Third, 

while the BRFSS includes many diabetes risk factors, some 

crucial information—such as diet and family history of 

diabetes—were not captured in the survey. Incorporating this 

information into analytical models could enhance the accuracy 

of diabetes prediction, particularly for individuals whose 

condition has not yet been diagnosed. Additionally, all data 

were self-reported, which may introduce recall and reporting 

biases; however, previous research has confirmed the reliability 

of BRFSS data. Fourth, the dataset is imbalanced, with a 

smaller proportion of participants reporting diabetes, which 

could affect model performance. Lastly, individuals with 

higher socioeconomic status, who are more likely to engage in 

routine health check-ups, may be overrepresented in the 

prediabetic or diabetic population. 

VI. CONCLUSIONS

All three models—Neural Networks, Random Forest, and 

Support Vector Machines—consistently achieved a diabetes 

prediction accuracy of 0.89. Notably, the Neural Networks 

classifier demonstrated well-balanced performance across key 

metrics, including accuracy, precision, recall, and F1-score. 

Seven key diabetes-associated factors were identified across a 

broad range of variables: General Health and Socioeconomic 

Status, Smoking Behavior and History, Healthcare Access and 

Preventive Care, Perceived Racial and Ethnic Classification, 

Mental Health and Social Support, Weight Status, and 

Substance Use and Well-being. Among these, the strongest 

predictors across all three classifiers were Mental Health and 

Social Support, Healthcare Access and Preventive Care, 

General Health and Socioeconomic Status, and Body Weight. 
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