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Abstract—Early diagnosis of chronic metabolic problems is crucial to
improve preventive healthcare and reduce the long-term effects of
Type 2 Diabetes Mellitus (T2DM). Since diabetes is mostly undetected
in its early stages, accurate prediction models can help for timely
therapeutic intervention. The study assesses the performance of three
commonly used machine learn-ing algorithms, Logistic Regression,
Support Vector Machine (SVM) and Random Forest, for early
prediction of diabetes risk utilizing demographic, clinical, lifestyle
and biochemical data. The study used a standardized healthcare
dataset which consisted of patient demographics, body mass index
(BMI), blood pressure, fasting plasma glucose (FPG), lipid profile,
kidney function markers, lifestyle factors and family history. The data
pre-processing involved missing value treatment, duplicate record
removal, feature scaling, and balancing the training data using the
Synthetic Minority Oversampling Technique (SMOTE). Models were
evaluated based on Accuracy, Precision, Recall, Fl-score and
Receiver Operating Characteristic Area Under Curve (ROC-AUC).
In general, the Support Vector Machine classifier was the best one
with about 89% accuracy and a ROC-AUC of 0.95. Logistic
Regression and Random Forest also had a good predictive power.
Feature importance analysis showed that fasting plasma glucose
(FPG) and age were the most important predictors of diabetes,
followed by HDL, LDL and systolic blood pressure. These results
indicate that machine learning approaches can be reliable and
efficient tools to assist the decisions related to early screening and
risk assessment of diabetes. The proposed framework can be used in
the digital healthcare system to help doctors in detecting high-risk
individuals and advocating timely preventative actions.

Index Terms—Type 2 Diabetes Mellitus, Machine Learning,
Logistic Regression, Support Vector Machine, Random Forest,
Diabetes Prediction, Healthcare Analytics

1. INTRODUCTION

T2DM is one of the most prevalent chronic diseases world-
wide and a major public health challenge. The disease is caused
by insulin resistance or a lack of production of insulin . This
causes chronically elevated levels of glucose in the blood . The
number of people with diabetes continues to grow all over the
world, creating more pressure on healthcare services and
affecting millions of people every year, according to the In-
ternational Diabetes Federation (IDF). Untreated diabetes can
cause serious complications such as cardiovascular disease,
kidney failure, neuropathy, retinopathy, and stroke. Therefore,
early identification of high risk individuals is important for
effective prevention and disease management.
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The traditional approach to diagnosing diabetes relies on
laboratory tests, including fasting plasma glucose (FPG), oral
glucose tolerance tests, and glycated hemoglobin (HbAlc).
These diagnostic methods are clinically reliable, but they are
usually carried out after the onset of symptoms or during
routine medical examinations. Many patients with early-stage
type 2 diabetes (T2D) are undiagnosed prior to the onset of
complications, as the disease often remains asymptomatic. This
limitation has driven researchers to explore intelligent
computational methods that can identify high-risk individuals
from routinely available healthcare data.

Recent breakthroughs in Machine Learning (ML) have
greatly enhanced predictive analytics for medical diagnosis.
ML algorithms can learn complex relationships between de-
mographic, physiological, laboratory and lifestyle variables
to accurately predict disease risk and support clinical deci-
sion making. The popularity of Logistic Regression (LR),
Support Vector Machine (SVM) and Random Forest (RF)
stems from their good predictive performance, robustness
and interpretability, which are considered popular supervised
learning algorithms.

This study evaluates three supervised machine learning classifiers,
Logistic Regression, Support Vector Machine, and Random Forest, for
early stage diabetes prediction on a standardized healthcare dataset
with demographic information, body mass index (BMI), blood
pressure, biochemical param-eters, lifestyle factors, and family
history. The preprocessing of data consists of missing value handling,
duplicate removal, feature standardization, and Synthetic Minority
Oversampling Technique (SMOTE) to handle class imbalance. The
classi-fication performance is evaluated using Accuracy, Precision,
Recall, F1-score, and Receiver Operating Characteristic Area Under
the Curve (ROC-AUC).

In addition to classification, this work also investigates the
prediction of Follow-up Fasting Plasma Glucose (FFPG) using Linear
Regression, Random Forest Regressor, and Support Vector
Regression (SVR). This extra regression analysis pro-vides an insight
into the future estimation of glucose and enhances the diabetes
classification framework.

The main contributions of this study are summarized as follows:

- Development of a complete machine learning framework

for early diabetes prediction.
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- Comparative evaluation of Logistic Regression, Support
Vector Machine, and Random Forest classifiers.

- Comparative analysis of Linear Regression, Random For-
est Regression, and Support Vector Regression for FFPG
prediction.

- Comprehensive exploratory data analysis to identify im-
portant clinical characteristics.

- Identification of influential clinical features contributing
to diabetes prediction.

The rest of this paper is structured as follows. Section [Tis a
review of the existing literature on diabetes prediction. III.
PROPOSED APPROACH AND ML MODELS The experi-
mental results and discussion are presented in Sec. [V. Finally,
Section V concludes the paper and discusses future directions
for research.

II. RELATED WORK

Machine learning (ML) has emerged as a successful strat-
egy for predicting Type 2 Diabetes Mellitus (T2DM) based on
clinical and laboratory data. A variety of research have shown
that supervised learning algorithms can improve early
diagnosis by recognizing complicated patterns among patient
characteristics.

Logistic Regression is one of the most used baseline clas-
sifiers because of its simplicity and interpretability Support
Vector Machine (SVM) has been demonstrated to perform well
in high dimensional medical datasets by generating optimal
decision boundaries. Random Forest (RF) produces stable
predictions by using ensemble learning and can also give
feature importance analysis.

SVM and Random Forest have been found to perform better
than traditional statistical methods for diabetes prediction in
recent studies. Preprocessing techniques such as feature
scaling, missing value imputation, and Synthetic Minority
Oversampling Technique (SMOTE) have been shown to im-
prove classification performance especially with imbalanced
healthcare datasets.

While there are many studies on diabetes classification, there
are relatively few studies that combine exploratory data
analysis, classification, regression and feature importance
analysis in one framework. Moreover, the majority of existing
systems only measure the classification accuracy and do not
predict glucose further.

To overcome these limitations, this study proposes an
integrated framework comprising exploratory data analysis,
diabetes classification, follow-up fasting plasma glucose pre-
diction, and feature importance analysis. We compare three
classification algorithms (Logistic Regression, Support Vector
Machine and Random Forest) and three regression algorithms
(Linear Regression, Random Forest Regressor and Support
Vector Regression) using the same preprocessing and eval-
uation procedures.

https://ijerst.org/index.php/ijerst

Diabetes class distribution
3000

3000 -

2500 A

N

(=]

=]

o
L

1303

Number of patients
=
w
o
o

1000 ~

500

Non-Diabetic Diabetic

Fig. 1: Distribution of diabetic and non-diabetic patients.

III. MATERIALS AND METHODS

A. Dataset Description

This study used a standardized healthcare dataset, compris-
ing of 4,303 patient records. TThe data set contains demo-
graphic data, anthropometric data, blood pressure, biochemical
laboratory results, lifestyle factors and family history. Of the
records, 3,000 patients were labelled as non-diabetic and 1,303
as diabetic.

The classification task predicts if the patient is diabetic, and
the regression task predicts the Follow-up Fasting Plasma
Glucose (FFPG) level.

B. Data Preprocessing

Before the model training, missing values were filled us-
ing appropriate statistical measures, duplicate records were
removed and categorical variables were encoded. To make sure
that the features contribute equally during model training,
numerical features were standardized using StandardScaler.

The dataset was imbalanced and the Synthetic Minority
Oversampling Technique (SMOTE) was used to generate
synthetic minority-class samples in the training data. Finally,
the dataset was split into training and testing subsets, using an
80:20 stratified split.

C. Machine Learning Models

Three supervised learning algorithms are evaluated for dia-
betes classification.

1) Logistic Regression: Logistic Regression predicts the
probability of diabetes by the sigmoid function

1
PV = 7oz (1)
where z is the weighted sum of the input features.
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2) Support Vector Machine: Support Vector Machine con-structs
an optimal hyperplane that maximizes the separation between diabetic
and non diabetic patients. It also gives an estimate of the importance
of each feature, which helps to interpret the relevant clinical variables.

3) Random Forest: Random Forest is an ensemble learn-ing
technique which uses multiple decision tree models and combines their
output by majority voting. It also provides feature importance
estimates, which allows the interpretation of influential clinical
variables.

D. Regression Models

Three regression algorithms such as Linear Regression, Random
Forest Regressor and Support Vector Regression (SVR) were tested
for estimating Follow-up Fasting Plasma Glucose (FFPG).

E. Performance Evaluation

Classification performance was evaluated in terms of accu-racy,
precision, recall, F1-score and receiver operating charac-teristic area
under the curve (ROC-AUC).

Accuracy is calculated as

TP +TN
Accuracy = ?2)
TP+TN +FP +FN

where TP, TN, FP, and FN are true positive, true negative, false
positive and false negative respectively.

The regression performance was evaluated using the coeffi-cient of
determination (R*), Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE).

IV. RESULTS AND DISCUSSION

The proposed framework was tested on both classification

and regression tasks. We trained classification models to pre-
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Fig. 3: Comparison of classification performance.

TABLE I: Classification Performance

dict diabetes status and regression models to predict Follow-up
Fasting Plasma Glucose (FFPG). In all the experiments, the same
training and testing strategy was used so that the evaluated algorithms
could be fairly compared.

A. Exploratory Data Analysis

Before training the model, the Exploratory Data Analysis (EDA)
was performed to understand the characteristics of the dataset and the
relationships among the clinical variables. The class distribution of
diabetic and non-diabetic patients is shown in Figure 1. The dataset is
moderately imbalanced but this was addressed during pre-processing
using SMOTE.

The numerical features are visualized in the correlation matrix in
Figure 2. The Fasting Plasma Glucose (FPG) was the most positively
correlated to the diagnosis of diabetes, fol-lowed by the age of patients
and the Follow-up Fasting Plasma Glucose (FFPG). Blood pressure
variables also demonstrated moderate positive correlation, and HDL
and LDL cholesterol demonstrated the expected relationships in lipid
profile. These results suggest that glucose-related measures are the
most predictive measures for assessing the risk of diabetes.

https://ijerst.org/index.php/ijerst

Model Acc. Prec Recall F1 ROC-AUC
Logistic Regression 0937 0.868 0935  0.900 0.976
Support Vector Machine ~ 0.952  0.937  0.904  0.920 0.980
Random Forest 0.952  0.955 0.885  0.919 0.983

B. Classification Results

Three supervised machine learning algorithms were em-
ployed for the classification of diabetes, namely Logistic
Regression, Support Vector Machine (SVM) and Random
Forest.

Figure 3 shows the comparison of overall performance of
the three classifiers. Table I summarizes the evaluation metrics.
All the three classifiers yielded excellent predictive per-
formance with classification accuracies above 93%. We have
shown that Logistic Regression is a good baseline model
with balanced metrics for all the evaluation metrics. The
Support Vector Machine performed well in classification
accuracy and good in the trade-off between precision and
recall. Random Forest had the highest ROC-AUC (0.983) and
precision (0.955), indicating the best discriminative ability for
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Fig. 4: Confusion matrices of the evaluated classifiers.
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Fig. 6: Comparison of regression model performance.

classification of diabetic and non-diabetic patients.

The confusion matrices of the evaluated classifiers are shown
in Figure 4. All the models classified most of the patient records
correctly. Random Forest generated fewer false positive
predictions compared to the other classifiers.

Figure 5 illustrates the Receiver Operating Characteristic
(ROC) curves, which further confirm the efficiency of the pro-
posed classifiers. All models showed excellent classification
ability with ROC-AUC values higher than 0.97 for various
decision thresholds.

C. Regression Results

The Follow-up Fasting Plasma Glucose (FFPG) was esti-
mated using Linear Regression, Random Forest Regressor and
Support Vector Regression (SVR).

The regression performance comparison is presented in
Figure 6 and a summary of the evaluation metrics is provided
in Table II.

Support Vector Regression showed the highest coefficient of
determination (R* = 0.422) and the lowest MAE and RMSE.
This implies that among the regression models considered,

https://ijerst.org/index.php/ijerst

TABLE II: Regression Performance

Model R* MAE RMSE

Linear Regression 0391  0.643 1.005

Random Forest Regressor 0.408  0.629 0.991

Support Vector Regression  0.422  0.615 0.979
H ‘£ £

Fig. 7: Actual versus predicted Follow-up Fasting Plasma

Glucose (FFPG).

SVR gives the best prediction for Follow-up Fasting Plasma
Glucose.

Figure 7 shows the actual vs. predicted FFPG values. SVR
has better prediction accuracy The predictions produced by
SVR are closer to the ideal regression line in comparison to
Linear Regression and Random Forest Regression.

To summarize, the experimental results demonstrate the
reliability of machine learning methods to predict Type 2
Diabetes from routinely collected clinical data. Random Forest
achieved the highest classification performance by ROC-AUC
and Support Vector Regression the most accurate follow-up
glucose predictions. The results suggest that conventional
models using machine learning can assist clinicians in early
screening for diabetes and also identify individuals who could
benefit from preventive intervention.

V. CONCLUSION

In this work, we proposed a machine learning framework for
early prediction of T2DM using demographic, clinical, lifestyle
and biochemical data. Three supervised classification
algorithms were evaluated namely Logistic Regression, Sup-
port Vector Machine (SVM) and Random Forest for predict-
ing the risk of diabetes. Linear Regression, Random Forest
Regressor and Support Vector Regression (SVR) were used to
predict the Follow-up Fasting Plasma Glucose (FFPQG). Prior to
developing the model, the dataset was preprocessed by missing
value imputation, duplicate elimination, feature stan-
dardization and Synthetic Minority Oversampling Technique
(SMOTE) to improve the quality of the data and balance the
classes.

The experimental results showed that all the classification
models have good prediction performance. ROC-AUC and
precision were the best for Random Forest, which means it was
better at discriminating diabetic and non-diabetic patients,
while Support Vector Machine had competitive classification
accuracy. Support Vector Regression has the highest R* score
and the lowest prediction errors for the regression task, so it is
the most suitable model to estimate fasting plasma glucose
levels in the future. Exploratory Data Analysis also showed
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that the most influential clinical variables associated with the
prediction of diabetes were the fasting plasma glucose and the
age of the patient.

To summarize, the proposed approach highlights the poten-
tial of machine learning methods for aiding in early diabetes
screening and clinical decision making based on routinely
gathered healthcare data. In future work, we will investigate
more ensemble and deep learning models, incorporate Explain-
able Artificial Intelligence (XAI) methods such as SHAP and
LIME, and embed the presented framework into web-based
and mobile healthcare applications for real-time diabetes risk
assessment.
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