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Abstract. Diabetes is a widespread metabolic disease and a major public health problem that affects millions of people worldwide. Early
screening and risk prediction allow timely intervention for high-risk groups and significantly reduce the risk of severe complications. In
recent years, machine learning (ML) has shown clear value in the analysis of large-scale medical data. This study reviews and compares
mainstream models for diabetes prediction and proposes a new prediction framework. On the Pima Indians Diabetes Dataset, the proposed
hybrid model reached an accuracy of 0.92, a precision of 0.91, a recall of 0.90, and an F1 score of 0.91, higher than the decision tree,
support vector machine, random forest, and logistic regression models tested. Such a system may help medical staff with screening and
clinical decision-making.
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I. INTRODUCTION

Diabetes is a chronic metabolic disorder characterized by per-
sistently elevated blood glucose levels caused by inadequate
insulin production, impaired insulin action, or both [1], [2].
Driven by obesity, unhealthy lifestyles, and insufficient physi-
cal activity, the prevalence of this chronic, high-burden dis-
ease has continued to rise in recent years, and there is an
urgent clinical need for early diagnosis and management. Its
complications, which include cardiovascular disease and renal
failure, impose a heavy burden on both patients and healthcare
systems [3]-[5].

The volume of digital medical data has grown rapidly in re-
cent years. Machine learning (ML) can uncover hidden pat-
terns in medical data to support clinical diagnosis, monitoring,
and decision-making, and many real-world applications have
already been deployed [6]-[8]. Previous researchers have used
logistic regression, decision trees, support vector machines
(SVMs), random forests, and neural networks to build accu-
rate diabetes prediction models [9]-[12]. The widely used
Pima Indians Diabetes Dataset covers core clinical attributes
such as the number of pregnancies, body mass index (BMI),
glucose concentration, blood pressure, insulin level, and age,
and it supports model development and validation; artificial
intelligence (AI) and related technologies have further im-
proved the accuracy of medical prediction in recent years [2],

[13]. This study compares multiple ML algorithms for dia-
betes prediction and proposes a prediction framework in-
tended to improve classification accuracy and support the
early diagnosis of diabetes [14].

II. LITERATURE REVIEW

Many researchers have explored the potential of ML in dia-
betes-related medical applications and have confirmed that it
can extract useful insights from medical data. Rajendra and
Latifi [9] used logistic regression for prediction, and Barakat
and colleagues [10] used an SVM to improve classification
performance. Earlier ML research in medical Al progressed
toward increasingly complex models: decision trees support
interpretable medical decision-making [6], the random forest
model developed by Kaur and colleagues [11] achieved higher
accuracy and stability, and Zhang and Qie [12] reviewed
deep learning models that can capture complex patterns in
medical data.

Other studies [4], [7], [15] indicate that the importance of
Al, data science, and predictive analytics in medicine con-
tinues to grow. Similarly, [5], [8], [16] show that intelligent
decision support systems can improve disease diagnosis and
treatment planning.

Research on ML applications in healthcare can be di-
vided into three groups by focus. Chen and colleagues [14]
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applied data mining and ML methods to medical prediction
and classification tasks; Swapna and colleagues [2] showed
that combining these methods with medical datasets is ef-
fective for early diabetes diagnosis; and [1], [3], [17]-[19]
together confirm the potential of ML for diabetes prediction
and medical analysis. Clinical modeling still faces three
core challenges: improving prediction accuracy, selecting
the best algorithm, and developing reliable models suited to
real clinical settings. Table 1 summarizes existing methods.

TABLE 1. CoMPARISON OF EXISTING METHODS

Ref. Method Advantage Accuracy
[9]1 Logistic regression  Simple and easy to implement 76%
[10] SVM Better classification performance 82%
[6] Decision tree Easy to interpret 79%
[11] Random forest High stability and accuracy 85%
[12] Neural network Handles complex data patterns Improved
[4] Hybrid ML models  Better decision-making Improved
[71 Medical Al systems Improves diagnostic accuracy High
[16] Al in medicine Assists diagnosis Reliable
[5] Clinical models Supports prognosis Accurate
[8] Decision support Helps medical decisions Improved
system
[14] ML prediction Evaluates performance High
[20] ML classification Compares algorithms Good
[2] Diabetes ML models Early detection of diabetes High

III. PROPOSED SYSTEM

This study aimed to develop a diabetes risk prediction system
using ML techniques. Impaired insulin production or utiliza-
tion can cause persistent hyperglycemia, which may lead to
severe complications if it is not detected and managed early.
Timely diabetes risk assessment and early screening can sup-
port preventive interventions, improve health outcomes, and
reduce the disease burden; this is the clinical motivation for
the study. The architecture of the proposed system is shown
in Fig. 1: data collection, feature extraction and selection, a
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split into training and testing data, and the application of a
light gradient boosting machine (LGBM) algorithm to build
the prediction model.

This study used the Pima Indians Diabetes Dataset, a
widely recognized benchmark for diabetes prediction. As
described in [13], the subjects of this dataset are Pima In-
dian women, and it includes eight core health features, such
as the number of pregnancies. Each subject has a label indi-
cating whether she has diabetes. The dataset allows ML
models to learn patterns of diabetes onset and to predict the
probability of diabetes in new patients.

A. Data Preprocessing

Data preprocessing is a necessary prerequisite for an effective
diabetes prediction model. Flaws in raw medical datasets re-
duce model performance, so all preprocessing operations
must be completed before model training begins. First, mean
and median imputation were used to handle missing and in-
valid values in the dataset. Next, feature normalization was
applied to put the attributes on a common scale and so im-
prove the efficiency and convergence of the algorithms. After
relevant attributes had been selected through feature selec-
tion, the dataset was split into training and test subsets, which
were used for model development and for verifying the pre-
dictive performance and generalization ability of the model,
respectively.

B. Algorithms Used

This study used several ML algorithms to predict diabetes
risk and compared their performance to identify the most
effective model for accurate disease prediction.

Decision tree (DT): A learning algorithm, trained on la-
beled data, that classifies by building a hierarchical tree
structure from feature-based decision rules.

Random forest (RF): An ensemble learning algorithm
that combines the predictions of multiple decision trees to
improve classification accuracy, increase model stability,
and reduce overfitting.
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Fig. 1. System architecture of the proposed model.
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SVM: A classification algorithm, trained on labeled data,
that finds an optimal hyperplane to separate the classes. Its
ability to handle high-dimensional feature spaces and com-
plex data distributions makes it widely used for predictive
modeling and classification.

Logistic regression (LR): A statistical classification tech-
nique, used in this study to estimate the probability of the
binary disease outcome in diabetes prediction.

Proposed hybrid model: The proposed model integrates
multiple ML algorithms within the workflow shown in
Fig. 1.

C. Performance Comparison

Table 2 compares the proposed model with the existing ML
algorithms to verify its usefulness in supporting early dis-
ease diagnosis. Accuracy, precision, recall, and the average
of these three scores were used to assess and compare pre-
dictive effectiveness.

Table 3 lists the evaluation metrics of the proposed hy-
brid model, which scored higher than the other algorithms
tested on every metric in Table 2. Fig. 2 compares the accu-
racy of the algorithms.

TABLE 2. PERFORMANCE COMPARISON OF MACHINE LEARNING

ALGORITHMS

Accuracy Precision Recall Average
Algorithm (%0) (%) (%) (%)
Decision tree 82 81 80 81
SVM 85 84 83 84
Random forest 88 87 86 87
Logistic regression 84 83 82 83
Proposed model 92 91 90 91

TaBLE 3. PERFORMANCE EVALUATION METRICS OF THE PROPOSED MODEL
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Fig. 2. Accuracy comparison of the machine learning algorithms.

IV. REsuLTs AND DiscussioN

The results indicate that ML models trained on this dataset
can predict diabetes risk. The comparative performance of
all tested algorithms is presented using the four evaluation
metrics in Table 2.

The receiver operating characteristic (ROC) curve of the
proposed hybrid model in Fig. 3 gives an area under the
curve (AUC) of approximately 0.96.

All models were compared on a common evaluation bench-
mark. The decision tree model reached an accuracy of 82%,
and its interpretability suits medical needs, but it is prone to
overfitting on limited datasets. The logistic regression model
reached an accuracy of 84%; its outputs are stable, but it strug-
gles to model complex nonlinear relationships.

The SVM outperformed the decision tree and logistic re-
gression with a classification accuracy of 85%j it can identify
the optimal decision boundary but depends on parameter tun-
ing and the choice of kernel function. Random forest was
the best standalone algorithm, with an accuracy of 88%,
owing to the performance gains of its ensemble of multiple
decision trees.

Metric Value . .
The proposed hybrid ML model achieved 92% accuracy,
Accuracy 0.92 91% precision, 90% recall, and a 91% F1 score (Table 3),
Precision 091 4 percentage points above the accuracy of random forest,
Recall 0.90
F1 score 0.91
1.0 1
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Fig. 3. ROC curve of the proposed diabetes prediction model.
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the best single model (Table 4). Its stability was not evalu-
ated separately.

TaBLE 4. AccURACY COMPARISON OF MACHINE LEARNING ALGORITHMS

Algorithm Accuracy (%)
Decision tree (DT) 82
Support vector machine (SVM) 85
Random forest (RF) 88
Logistic regression (LR) 84
Proposed model 92

V. CoNCLUSION

This study developed an ML framework for diabetes risk
prediction. Using the publicly available Pima Indians Dia-
betes Dataset, the study carried out four preprocessing pro-
cedures and tested four types of algorithms. Random forest
outperformed all other single classifiers, and the proposed
hybrid model achieved an accuracy of 92% (Table 3). Its
clinical value remains to be established on independent
data.
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