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Abstract

Introduction: Type 2 diabetes mellitus (T2DM) is a chronic metabolic disease that causes serious health problems
worldwide. Multiple risk factors contribute to the development of this disease. Recently, researchers have used
artificial intelligence and machine learning (ML) methods to identify these risk factors. This study aims to evaluate the
risk factors for T2DM using ML methods.

Methods: This analytical study was conducted over a 2-month period. Data were collected through face-to-face
interviews using a personal information form. The obtained data were analyzed using different ML models and
performance parameters such as F1 score, accuracy (ACC), and area under the curve (AUC), which represents the area
under the receiver operating characteristic curve.

Results: In this study, the most important risk factors for T2DM were identified as age, gender, high blood pressure,
genetic predisposition, and education status. Moreover, seven different ML models were analyzed using F1 score, ACC,
and AUC parameters, and support vector machine, random forest (RF), and logjistic regression (LR) models provided
the highest performance.

Discussion and Conclusion: Accurate classification of T2DM risk factors is important for disease prevention and
risk assessment in clinical practice. The results suggest that RF or LR models may affect populations with different
sociocultural characteristics.
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ype 2 diabetes mellitus (T2DM) is a chronic, progressive
metabolic disease characterized by hyperglycemia
resulting from impaired insulin secretion or insulin action.
M1t causes serious health problems worldwide and reduces
quality of life through complications such as cardiovascular
disease, nephropathy, neuropathy, and retinopathy.

2 According to the World Health Organization and the
International Diabetes Federation, the global prevalence
of diabetes is expected to reach approximately 1.3 billion
adults by 2050.B4 In Tirkiye, recent epidemiological data
show that 13% of adults have T2DM, particularly in urban
areas, indicating the need for urgent preventive strategies.”
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T2DM develops through the interaction of multiple
genetic, environmental, and lifestyle factors. Genetic
predisposition, family history, and certain ethnic origins
increase susceptibility.® However, lifestyle-related factors,
especially abdominal obesity, sedentary behavior, poor
diet, and insufficient sleep, are increasingly contributing
to insulin resistance and the rising prevalence of
T2DM. Comorbid conditions such as hypertension and
dyslipidemia also accelerate disease onset and worsen
complications. Therefore, identifying high-risk individuals
based on a combination of these variables is crucial for
effective prevention and management./’#

Artificial intelligence (Al) and machine learning (ML)
have recently enabled more precise disease prediction
by identifying hidden patterns in large datasets. These
techniques outperform traditional statistics in uncovering
non-linear relationships and improving early diagnosis.”’ In
multifactorial diseases such as T2DM, ML models integrate
genetic, clinical, and lifestyle data to produce accurate,
individualized risk estimates. Among these, supervised
learning models are particularly effective in developing
clinical decision support systems and guiding early
interventions.!'”

Studies applying ML to T2DM risk prediction in Tiirkiye are
still scarce, and most rely on limited datasets or single-
algorithm analyses. Therefore, this study aimed to identify
key risk factors associated with T2DM and to evaluate their
predictive importance using multiple ML algorithms. By
comparing seven different models, this study sought to
determine the most accurate and clinically interpretable
model for identifying individuals at high risk of T2DM.

Materials and Methods
Study Design

This study was conducted using analytical methods.

Population and Sample of the Study

The study population consisted of participants who
applied to a hospital in Kitahya, Turkiye, from May 20,
2025, to July 20, 2025. There were two groups in this study.
The first group consisted of those diagnosed with T2DM,
and the second group consisted of those without T2DM.
All data were collected from patients who were followed
in the internal medicine outpatient clinic. Both groups
consisted of individuals aged 40-64 who were able to
communicate verbally. Individuals with any chronic
disease other than T2DM, mental disability, or terminal-
stage condition were excluded from the study.

A power analysis was performed to determine the sample
size for the study. As a result of this analysis, it was planned
to include at least 478 patients/group in the study, with a
99% confidence level and a 5% margin of error. Accordingly,
the sample consisted of 585 participants with T2DM and
553 participants without T2DM. Simple random sampling
was used as the sampling method.

Research Questions

The research questions are as follows:

»  What are the risk factors for T”2DM?

«  Whatis the level of impact of these risk factors on T2DM?
+ Which ML models can be used for T2DM?

+  Which evaluation parameters can be used for these
models?

- What interventions can be recommended for the
prevention of T2DM?

Data Collection

A personal information form was used to collect data
for the study. This form consists of two sections and 19
questions. The first section contains five questions about
patients’ individual characteristics, whereas the second
section contains 14 questions about their health-related
characteristics.

The study’s data collection phase was conducted through
face-to-face interviews with the participants. Following
an explanation of the study, participants were presented
with an informed consent form, and their consent was
obtained. Each interview and form completion process
took an average of 30 min. Data were collected directly by
the researchers through the forms and recorded with due
consideration for participant privacy.

Data Assessment

For the analysis of the study, the Statistical Package for the
Social Sciences (SPSS) 25 and Google Colaboratory were
used. In the SPSS 25 program, the Kolmogorov-Smirnov
and Shapiro-Wilk tests were applied to determine
whether the continuous variables were normally
distributed. Given that all continuous variables in the
investigation showed a normal distribution, parametric
tests were used.

Subsequently, regression analyses were performed using
the ML approach in the Google Colaboratory program
with Python software language. In this analysis, K-Nearest
Neighbors (KNN), support vector machine (SVM), decision
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tree, random forest (RF), artificial neural network (ANN),
naive bayes, and logistic regression (LR) models were
used. These models were evaluated using the area under
the receiver operating characteristic curve (area under the
curve [AUC]), accuracy (ACC), F1 score, precision, and recall
parameters.

Before applying the ML algorithms, a correlation analysis
was conducted to assess potential multicollinearity
among the independent variables. No strong
correlations (r>0.80) were detected; therefore, all
variables were retained in the analysis. In addition, the
recursive feature elimination (RFE) method was applied
to confirm the relevance of predictors and to enhance
the robustness and interpretability of the models.
This approach ensured that only independent and
meaningful variables were included in the final models,
improving overall performance. This methodological
approach aligns with current recommendations in
the literature, emphasizing proper management of
multicollinearity and the use of RFE to optimize variable
selection in classification models.['12

To evaluate model interpretability, feature importance
values from the RF model were examined to determine
the influence of each predictor variable on classification
performance. For the LR model, odds ratios (OR) and their
95% confidence intervals (Cl) were calculated to assess
the magnitude and direction of associations between
predictors and T2DM risk. This complementary approach
allowed for comparison of variable importance across
models and enhanced clinical interpretability.

Software Programs

SPSS 25 is currently owned by IBM Corporation,
headquartered in Armonk, New York, USA. In contrast,
Google Colaboratory is a cloud-based platform developed
by Google LLC, with its corporate headquarters in Mountain
View, California, USA. Since its introduction in 2017,
Colaboratory has gained widespread adoption, particularly
in Aland ML, owing toits accessibility, collaborative features,
and seamless integration with widely used programming
environments.

Declaration of Al-Assisted Technologies

The authors declare that no Al-assisted technologies (such
as large language models, chatbots, or image generators)
were used in the preparation, writing, or editing of this
manuscript. All content has been developed entirely by
the authors.

Table 1. Individual characteristics of participants (n=1138)

Variables n %
Gender

Female 578 50.8

Male 560 49.2
Education status

Illiterate 97 85

Primary education 584 513

Secondary education 291 25.6

Higher education 166 14.6
Marital status

Married 983 86.4

Single 155 13.6
Economic status

Good 289 254

Bad 849 74.6
DM presence

Yes 585 514

No 553 48.6
Age

Mean+SD 54.29+9.79

Minimum-Maximum 40-64

Categorical variables were summarized as frequency and percentage (n, %),
while continuous variables were presented as meanzstandard deviation
(Mean=SD) and range (minimum-maximum). DM: Diabetes mellitus.

Ethics of Study

This study was approved by the Kiitahya Health Sciences
University Ethics Committee (Date: 06.05.2025, Decision
no: 2025/06-40) and the participating hospital before the
study. The study was conducted in accordance with the
ethical principles of the Declaration of Helsinki.

Results
Individual Characteristics of the Participants

The study included a total of 1138 patients (585 with T2DM
and 553 without diabetes). Table 1 presents the individual
characteristics of the participants. Accordingly, 50.8% of the
participants were female, 51.3% had completed primary
education, 86.4% were married, 74.6% had poor economic
status, 51.4% had a diagnosis of T2DM, and the average age
was 54.29+9.79.

Graph of OR for Risk Factors

The ORs for these variables were calculated to assess the
effect of risk factors on the presence of T2DM (Fig. 1). These
factors were ranked in order of highest effect size as follows:
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Figure 1. Graph of odds ratios for risk factors. Horizontal bars represent 95% confidence intervals derived from logistic regression analysis.
The vertical dashed line (odds ratios=1) indicates the null value. Variables positioned to the right of the line indicate increased risk of Type 2

diabetes mellitus, whereas those to the left suggest a protective effect.

age, gender, high blood pressure, genetic predisposition,
education status, abdominal obesity, cigarette use, working
conditions, vegetable consumption, stress situation, body
mass index (BMI), fruit consumption, regular exercise, sleep
status, low blood pressure, marital status, economic status,
and alcohol use.

Age was identified as the most influential variable (OR=3.96,
95% Cl: 2.69-5.83, p<0.001), followed by gender (OR=1.91,
95% Cl: 1.57-2.31, p<0.001), high blood pressure (OR=1.81,
95% Cl: 1.51-2.16, p<0.001), and genetic predisposition
(OR=1.75, 95% Cl: 1.47-2.08, p<0.001). Educational
status (OR=1.49, 95% Cl: 1.23-1.79, p<0.001), abdominal
obesity (OR=1.44, 95% Cl: 1.19-1.75, p<0.001), cigarette
use (OR=1.41, 95% Cl: 1.18-1.70, p<0.001), and working
conditions (OR=1.39, 95% CI: 1.17-1.65, p<0.001) also
showed significant associations.

Lower vegetable consumption (OR=1.29, 95% Cl: 1.07-
1.54, p=0.006), higher stress levels (OR=1.24, 95% Cl: 1.04-
1.48, p=0.018), and higher BMI (OR=1.22,95% Cl: 1.01-1.48,
p=0.041) were additional contributors. Fruit consumption
(OR=1.22, 95% Cl: 1.02-1.46, p=0.031) had a smaller but
statistically significant effect.

On the other hand, regular exercise (OR=1.12, 95% Cl: 0.94-
1.34, p=0.215), sleep status (OR=1.09, 95% Cl: 0.92-1.29,
p=0.324), low blood pressure (OR=1.08, 95% Cl: 0.90-1.28,
p=0.409), marital status (OR=0.96,95% Cl:0.80-1.16, p=0.696),

and economic status (OR=0.94, 95% Cl: 0.79-1.12, p=0.476)
were not statistically significant predictors. Interestingly,
alcohol use demonstrated a protective association with
T2DM (OR=0.74, 95% Cl: 0.62-0.88, p<0.001).

Comparison of F1 Score, ACC, Precision, and
Recall Across the Models

Figure 2 displays the F1 score, ACC, precision, and recall
values for each model. Taking all parameters into account,
the SVM, RF, and LR models yield the best results.

Comparison of AUC Across Models

Figure 3displaysthe AUCvaluesforeach model. Considering
all parameters, the SVM, RF, LR, and ANN models yielded
the best results, respectively.

Discussion

This study comprehensively analyzed the risk factors for
T2DM using an ML approach, and the results revealed
that the ML models and evaluation parameters used
demonstrated high performance and reliability. These
findings confirm that ML-based risk prediction models can
serve as valuable tools for early identification of individuals
at risk for T2DM and can support data-driven clinical
decision-making in preventive healthcare. The integration
of such models into routine nursing and clinical practice
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Figure 2. Comparison of machine learning models based on F1 score, accuracy, precision, and recall. Bar chart illustrating the performance
comparison of seven machine learning models (K-Nearest Neighbors, support vector machine, decision tree, random forest, artificial neural
network, naive bayes, and logistic regression) used to identify risk factors for Type 2 diabetes mellitus. The chart displays four key evaluation
metrics: F1 score, accuracy, precision, and recall. Higher values indicate better model performance.

could help optimize screening strategies, particularly in
populations with limited access to healthcare services.

Risk Factors

Risk factors for T2DM can be classified into two groups:
modifiable and non-modifiable. Analysis of our study
results demonstrates the influence of risk factors in both
groups. Accordingly, the non-modifiable risk factors with
the highest level of influence are age, gender, and genetic
predisposition, respectively. Among modifiable risk factors,
the factors with the highest to lowest impact levels are as
follows: High blood pressure, educational status, abdominal
obesity, cigarette use, working conditions, vegetable
consumption, stress situation, BMI, fruit consumption,
regular exercise, sleep status, and low blood pressure.

Of all these risk factors, age has the highest impact level.
In this regard, Fazeli et al."® emphasized that the risk of
developing T2DM increases after the age of 40.The gender
factor comes second. Kautzky-Wilker et al.' reported that
the prevalence of T2DM is 17.7 million higher in men than
in women worldwide. High blood pressure is the third
factor. Hezam et al.l'™ stated that individuals with high
blood pressure have an increased risk of T2DM. Genetic
predisposition is the fourth factor. Bonnefond et al.l'®
found that genetic predisposition plays an important role
in the emergence of T2DM. Education status is the fifth
factor. Yan et al."” indicated that individuals with a higher

Figure 3. Comparison of receiver operating characteristic (ROC)
curves and area under the curve (AUC) values for machine learning
models. ROC curves illustrate the classification performance of seven
machine learning models (K-Nearest Neighbors, support vector
machine, decision tree, random forest, artificial neural network, naive
bayes, and logistic regression) for predicting Type 2 diabetes mellitus.
The diagonal dashed line represents the reference line (AUC=0.5),
indicating no discrimination. Curves farther from the diagonal and
closer to the upper-left corner demonstrate better model performance.

level of education have greater awareness of T2DM. The
findings of the present study are consistent with previous
research on this topic.
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In addition to confirming known risk factors, this study
contributes to the literature by quantifying their relative
importance in a Turkish population, providing evidence
that sociocultural and lifestyle factors may modify the
strength of these associations. From a nursing and public
health perspective, modifiable factors such as obesity,
smoking, and sedentary behavior should be targeted
through structured education, counseling, and preventive
intervention programs.

Precision, Recall and F1 Score

Precision is a measure that indicates how many of the
examples a model predicts as positive are actually positive.
In a model, precision is critical when false positives can
lead to serious consequences. Recall indicates how
many of the models correctly predict as positive. Recall is
more important when false negatives are likely to cause
problems. The F1 score is a performance metric obtained
by taking the harmonic mean of precision and recall values.
It provides a balanced evaluation in situations where
both false positives and false negatives are important. In
imbalanced datasets, ACC can be misleading, so the F1
score provides a more realistic measure of success.l'"'?

Since it is important to detect both false positives and false
negatives in T2DM, the F1 score is particularly relevant. In
our study, the models with the highest F1 scores were SVM,
RF,and LR, with F1 scores 0f 0.93,0.92,and 0.92, respectively.
In studies conducted on this subject, the model with the
highest F1 score was the RF model."®'*I The results obtained
in our study are consistent with the literature. The F1 scoreiis
considered an important metric for evaluating the balance
between the model’s sensitivity and specificity, especially
in medical datasets with imbalanced class distributions.®

This result demonstrates that the performance metrics
obtained are clinically meaningful rather than merely
statistical. In medical contexts, a balanced F1 score indicates
that the model can minimize both false alarms (unnecessary
testing) and missed diagnoses, thus optimizing patient
safety and resource utilization.

ACC

ACC is a basic performance metric that expresses the ratio
of correctly predicted examples to the total number of
examples. In clinical applications, ACC is a critical indicator
of the model’s overall classification success. However, it can
be misleading, especially in health data with imbalanced
class distributions.!'12

This study found that the best ACC values among the
ML models used to identify risk factors for T2DM were

obtained with the SVM, RF, and LR models, each achieving
an ACC value of 90%. This result indicates that these models
perform well in terms of overall ACC.?" In previous studies,
Bhat et al.?? and Laila et al.”® used RF models, Talukder
and Hossain?" employed LR, and Negi and Jaiswal®”
used SVM in their analyses. Pradhan et al.?®! utilized ANN,
Alpan and ilgi?” applied KNN, and Islam et al.'? employed
gradient boosting machine models, all reporting high ACC
performance. According to our findings, while some results
are consistent with previous studies, others differ, which
may be attributed to the sociocultural characteristics of
the populations studied. The 90% ACC rate obtained in
this research demonstrates that ML methods are effective
and reliable tools for predicting T2DM risk. These findings
may contribute significantly to the development of clinical
decision support systems and early intervention strategies.

The consistency of these results across multiple ML
algorithms reinforces the reliability of the predictive
relationships identified in this study. In addition, using
face-to-face collected clinical data rather than public
datasets strengthens the validity of the ACC estimates and
supports the model’s applicability in real-world healthcare
environments.

AUC

The AUC is a graphical method that evaluates the balance
between sensitivity and specificity under different
threshold values for a classification model. The area
under this curve is a powerful performance metric that
summarizes the model’s ability to distinguish between
positive and negative classes. As the AUC value approaches
0.5, the model’s discriminative power decreases, while as it
approaches 1.0, it indicates a strong discriminative model.
In clinical applications, the AUC plays a critical role in model
selection, especially when the costs of false positives and
false negatives differ. In T2DM diagnosis, a false negative
result can lead to the disease being overlooked, whereas a
false positive result can cause unnecessary treatment and
increased patient anxiety.!'"4

This study found an AUC value of 0.87 for the SVM and RF
models and 0.85 for the LR and ANN models. These results
indicate that the models generally have high discriminatory
power. In the literature, Kaur and Kumari®® reported an
AUC of 0.90 for the SVM model, Islam et al.?”! found an AUC
of 0.60 for the Bagged Chart model, and Kopitar et al.B%
reported an AUC of 0.85 for the GLMNET model. Our findings
are consistent with those of Kaur and Kumari?® but differ
from other studies, which may be attributed to the use of
preprocessed or ready-made datasets in those analyses.



Budak et al., Risk Factors for Type 2 Diabetes Mellitus / doi: 10.14744/lhhs.2026.40279 7

The AUC value provides a more balanced and meaningful
assessment than one-dimensional criteria such as ACC,
especially in medical datasets where class distribution may
be imbalanced. Therefore, AUC is considered a reliable
and effective tool for the development of clinical decision
support systems.

The high AUC values obtained in this study confirm that
the models possess strong discriminatory ability even
with clinically collected data, supporting their potential
for integration into hospital information systems and risk-
based screening programs. Moreover, combining AUC
with other evaluation metrics such as F1 and ACC enables
a more balanced and multidimensional understanding of
model performance.

Overall, the combination of high F1, ACC, and AUC values
demonstrates that ML algorithms, particularly SVM, RF,
and LR, can be effectively applied for accurate T2DM risk
prediction and may serve as robust components of clinical
decision support systems.

Strengths and Limitations

The study’s use of the ML approach for analysis is one of its
major strengths. The use of Al and ML rather than traditional
statistical methods in the study provides strong evidence
for the clinical validity of the research. Furthermore, while
data in the majority of similar studies in the literature
are obtained from ready-made data sets, in this study,
data were collected by researchers through face-to-face
interviews. This method significantly enhances the validity
and reliability of the data set. The study evaluated 18 risk
factors for T2DM. No other study in the current literature
examines this number of risk factors together. The research
was conducted at a single center. Therefore, the sample
was limited to patients in a specific region and time period.
This restriction limits the generalizability of the results to
different sociocultural groups.

Conclusion

This study identified age, gender, high blood pressure,
genetic predisposition, and education level as the most
influential risk factors for T2DM. Among the seven ML
models applied, SVM, RF, and LR achieved the highest
performance. SYM demonstrated strong generalization
capability for complex and high-dimensional data, whereas
RF combined high ACC with interpretability by providing
insights into variable importance. LR remains a clinically
preferred method due to its ease of interpretation and
practical applicability. Integrating ML-based prediction

models into clinical workflows may help nurses and
healthcare professionals detect at-risk individuals earlier,
prioritize preventive counseling, and allocate resources
more efficiently.

Model selection in clinical research should consider not
only predictive performance but also interpretability and
feasibility. Although SVM may be complex for clinical
decision-making, RF offers advantages in identifying and
understanding risk factors, whereas LR is more easily
interpretable and applicable for healthcare professionals.
Therefore, for accurate classification of T2DM risk factors and
integration into clinical decision support systems, the use
of RF or LR models is recommended. Future studies should
focus onvalidating these models across different regions and
populations and exploring hybrid or ensemble approaches
that combine ML with traditional epidemiological methods
to improve precision and clinical utility.
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