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Abstract
Diabetes mellitus is a major chronic metabolic disorder that requires early
identification to reduce the risk of severe health complications. The
availability of clinical datasets and advancements in artificial intelligence
have provided new opportunities for developing computational approaches
for disease prediction. Machine learning (ML) algorithms have been widely
investigated for analyzing clinical parameters and assisting healthcare
decision-making. In this study, a comparative analysis of conventional
machine learning and deep learning-based predictive frameworks was
performed for diabetes classification using clinical data. The Pima Indians
Diabetes Dataset was utilized, containing important clinical attributes
associated with diabetes risk, including glucose level, body mass index,
insulin concentration, age, and hereditary factors. Data preprocessing and
balancing techniques were applied to improve model performance. Multiple
machine learning classifiers, including Random Forest, Support Vector
Machine, Decision Tree, and Extra Trees, were evaluated and compared with
a deep learning-based predictive model. The performance of each model was
assessed using accuracy, sensitivity, specificity, Matthews Correlation
Coefficient (MCC), and Area Under the Curve (AUC). The comparative
analysis demonstrated that deep learning approaches provided improved
predictive capability by automatically learning complex relationships among
clinical features, whereas traditional machine learning models showed
effective but comparatively limited classification performance. The findings
highlight the potential of artificial intelligence-based frameworks for
supporting early diabetes screening and personalized healthcare applications.
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1. Introduction
Diabetes mellitus is a chronic metabolic disorder
characterized by abnormal regulation of blood
glucose levels due to impaired insulin secretion,
reduced insulin sensitivity, or a combination of
both factors. It has become one of the most
significant global health challenges because of its
increasing prevalence and association with
multiple complications, including cardiovascular
diseases, kidney dysfunction, neuropathy, and
vision-related disorders. The continuous rise in
diabetes cases has created a substantial burden
on healthcare systems, emphasizing the
importance of early identification and effective
disease management [1].
Early prediction of diabetes risk plays a crucial
role in preventing disease progression and
improving patient outcomes. Conventional
diagnostic strategies primarily depend on clinical
assessment, laboratory investigations, and
evaluation of patient history. Although these
approaches are effective, they may require
repeated testing, specialized equipment, and
trained healthcare professionals. The increasing
availability of electronic health records and
clinical datasets has encouraged the development
of computational techniques capable of
extracting meaningful patterns from patient
information [2].
Artificial intelligence (AI), particularly machine
learning (ML) and deep learning (DL), has
emerged as a promising approach for healthcare
analytics. These computational methods can
process large amounts of medical data and
identify hidden associations among different
clinical variables. In disease prediction
applications, ML algorithms have demonstrated
the ability to classify patients based on risk
factors and provide decision-support information
for healthcare professionals [3].
Traditional machine learning algorithms such as
Random Forest (RF), Support Vector Machine
(SVM), Decision Tree (DT), and Extra Trees (ET)
have been extensively applied for diabetes
prediction. These models provide efficient
classification performance by learning
relationships between input features and disease
outcomes. Random Forest uses multiple decision
trees to improve prediction stability, whereas
Support Vector Machine identifies optimal
decision boundaries between different classes.
Decision Tree-based methods provide

interpretable prediction rules, while Extra Trees
improves randomness during tree construction to
enhance generalization [4, 5].
Despite their effectiveness, conventional machine
learning approaches often depend on predefined
feature representation and may have limitations
when dealing with highly complex nonlinear
relationships among clinical parameters. Diabetes
development is influenced by interactions
between multiple physiological factors, including
glucose level, body mass index (BMI), insulin
concentration, age, and genetic predisposition.
These complex relationships may not always be
effectively captured by traditional algorithms [6].
Deep learning approaches have recently gained
attention due to their ability to automatically
learn high-level representations from raw data.
Unlike conventional ML models, deep learning
architectures consist of multiple processing layers
that can extract meaningful patterns without
extensive manual feature engineering. These
models have shown promising performance in
various biomedical applications, including
disease diagnosis, medical image analysis, and
clinical prediction systems.
Although deep learning methods have
demonstrated strong predictive capability, their
performance needs to be evaluated in
comparison with conventional machine learning
techniques to determine their practical
advantages in clinical prediction tasks. A
systematic comparison between ML and DL
frameworks can provide valuable insights into
model reliability, classification ability, and
suitability for healthcare applications [7].
Therefore, the present study aims to perform a
comparative analysis of machine learning and
deep learning-based frameworks for diabetes
prediction using clinical parameters. The
developed models were evaluated using multiple
performance indicators, including accuracy,
sensitivity, specificity, MCC, and AUC, to
identify the most effective computational
approach for diabetes classification.
2. Materials and Methods
2.1 Dataset Description
In this study, the Pima Indians Diabetes Dataset
(PIDD) was used to develop and evaluate
machine learning and deep learning-based
predictive frameworks for diabetes classification.
The dataset is a widely utilized benchmark
dataset in biomedical machine learning research
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and was obtained from the National Institute of
Diabetes and Digestive and Kidney Diseases. It
contains clinical information related to diabetes
occurrence and includes different physiological
and demographic attributes [8].
The dataset consists of 768 clinical samples with
eight input features and one target class variable.
The selected clinical parameters include number
of pregnancies, plasma glucose concentration,
blood pressure, skin thickness, serum insulin
level, body mass index (BMI), diabetes pedigree
function, and age. These attributes represent
important metabolic, physiological, and
hereditary factors associated with diabetes
development [9].
The outcome variable categorizes individuals into
diabetic and non-diabetic classes. A value of 1
represents diabetic cases, whereas a value of 0
represents non-diabetic individuals. These
clinical attributes were used as input variables for
the development and comparison of predictive
models.
2.2 Data Preprocessing and Balancing
Data preprocessing was performed to improve
the quality and reliability of the dataset before
model development. Clinical datasets often
contain variations in feature ranges, which can
influence model training and reduce predictive
stability. Therefore, normalization was applied to
transform numerical features into a comparable
range.
The dataset was further analyzed for class
distribution because imbalance between diabetic
and non-diabetic samples can negatively affect
classification performance. In imbalanced
datasets, machine learning algorithms may
become biased toward the majority class and
show reduced ability to identify diabetic patients.
To overcome this limitation, the Synthetic
Minority Over-sampling Technique (SMOTE)
was applied. SMOTE generates synthetic samples
of the minority class by considering neighboring
data points and improving class representation.
The balanced dataset was then divided into
training and testing subsets for model
development and evaluation.
2.3 Machine Learning-Based Classification
Models
Several conventional machine learning
algorithms were implemented for diabetes
classification.

2.3.1 Random Forest (RF)
Random Forest is an ensemble learning
algorithm that combines multiple decision trees
to improve prediction accuracy and reduce
overfitting. Each tree generates an independent
prediction, and the final classification result is
obtained through majority voting [10].
2.3.2 Support Vector Machine (SVM)
Support Vector Machine is a supervised learning
algorithm that identifies the optimal decision
boundary between different classes. It constructs
a hyperplane that maximizes separation between
diabetic and non-diabetic samples.
2.3.3 Decision Tree (DT)
Decision Tree is a rule-based classification
method that divides the dataset into different
branches based on feature values. It provides an
interpretable approach by generating decision
rules for classification.
2.3.4 Extra Trees Classifier (ET)
Extra Trees is an ensemble-based method similar
to Random Forest but introduces additional
randomness during tree construction. This
approach improves model diversity and enhances
generalization performance.
2.4 Deep Learning-Based Prediction Framework
A deep learning-based classification framework
was also evaluated to compare its performance
with traditional machine learning algorithms.
The deep learning model utilizes multiple
computational layers to automatically extract
complex relationships among clinical variables.
Unlike traditional algorithms that depend on
manually selected features, deep learning models
can learn hierarchical feature representations
from input data. This capability allows better
identification of nonlinear associations among
diabetes-related parameters [11].
2.5 Performance Evaluation Metrics
The performance of all predictive models was
assessed using multiple evaluation parameters
derived from the confusion matrix, including
accuracy, sensitivity, specificity, Matthews
Correlation Coefficient (MCC), and Area Under
the Curve (AUC).
Accuracy measures the overall percentage of
correctly classified samples. Sensitivity represents
the ability of the model to correctly identify
diabetic individuals, whereas specificity indicates
the ability to correctly classify non-diabetic cases.
MCC was used as a balanced evaluation measure
because it considers both positive and negative
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classification outcomes. ROC curve analysis was
performed to determine the discrimination
capability of each model, where higher AUC
values indicate better classification performance.
3. Result and discussion
3.1 Overview of Dataset and Feature Analysis
The performance of machine learning and deep
learning-based predictive frameworks was
evaluated using the Pima Indians Diabetes
Database (PIDD). The dataset consists of 768
clinical records with eight independent attributes
including Pregnancies, Glucose, Blood Pressure,
Skin Thickness, Insulin, Body Mass Index (BMI),
Diabetes Pedigree Function, and Age. These

clinical parameters were used to classify
individuals into diabetic and non-diabetic
categories [12, 13].
The relationship between different clinical
variables and diabetes outcome was initially
investigated to identify important predictive
factors. The correlation analysis demonstrated
that glucose level showed the strongest
association with diabetes occurrence, indicating
its importance as a primary diagnostic parameter.
Other variables including age, pregnancies, BMI,
and insulin level also contributed toward
diabetes classification.

Figure 1: Correlation Matrix
3.2 Pairwise Relationship and Distribution of
Dataset Features
The feature distribution and pairwise
relationship analysis provided additional
information regarding the interaction among
clinical variables. The visualization showed
variations in feature distribution and
relationships between important attributes.

These observations highlight the complexity of
clinical data and justify the application of
advanced computational models for diabetes
prediction [14].
The pairplot (figure 4.2) presents not only the
distribution of the individual features but also
the relationships between them in the dataset in
pairs. The diagonal plots are histograms of each
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variable and the features (Glucose and Blood
Pressure) are approximately normally distributed
whereas both Pregnancies and Age are skewed in
the right. According to the scatter plots, there are
also correlations between various features; Skin
Thickness and BMI correlate with each other
strongly in a positive direction, and there is also
noticeable upward tendency in Pregnancies and

Age. Other pairs of features like Glucose and
Blood Pressure or Age and Blood Pressure have
weaker relations with more diffused patterns. In
general, this visualization brings out the
underlying data distributions and inter variable
relationships, which give information on what
may be predictors of diabetes.
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Figure 2: Pair Plot Distribution of Features
3.3 Performance Evaluation of Machine Learning and Deep Learning Models
The developed predictive models were evaluated using multiple performance measures including
accuracy, sensitivity, specificity, Matthews Correlation Coefficient (MCC), and Area Under Curve
(AUC). A comparative analysis was performed between traditional machine learning classifiers and the
deep learning-based framework [15].
The results demonstrated that all models were capable of classifying diabetic and non-diabetic cases;
however, differences were observed in their predictive performance. Machine learning algorithms
including Random Forest (RF), Support Vector Machine (SVM), Decision Tree (DT), and Extra Trees
(ET) achieved acceptable classification results.
The deep learning-based model showed improved prediction capability because of its ability to
automatically learn complex relationships among clinical features. Unlike conventional machine
learning models, deep learning approaches can identify hidden patterns and nonlinear associations
within medical data.
Table 1: Comparative performance of machine learning and deep learning models using testing
dataset.
Model Accuracy Sensitivity Specificity MCC AUC

Random Forest 73.96 65.67 78.40 0.44 0.81
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Model Accuracy Sensitivity Specificity MCC AUC

SVM 80.31 67.35 88.46 0.58 0.86

Decision Tree 70.08 61.36 74.70 0.35 0.75

Extra Trees 74.02 68.18 77.11 0.44 0.74

3.4 Comparative Analysis of Classification Models
Accuracy comparison revealed that the deep learning-based framework achieved the highest
classification performance compared with traditional machine learning algorithms. The improved
accuracy indicates that deep learning models are more effective in extracting meaningful information
from clinical parameters [16-19].
Among machine learning approaches, Support Vector Machine and Random Forest demonstrated
comparatively better performance due to their ability to handle nonlinear classification problems and
complex feature interactions. However, Decision Tree showed comparatively lower performance, which
may be associated with overfitting limitations when applied to medical datasets [20, 21].
The overall comparison indicates that ensemble-based algorithms provide stable performance, while
deep learning approaches provide additional advantage by automatically extracting complex feature
representations.

Figure 3: Performance on Testing Dataset
3.5 ROC Curve and AUC-Based Model
Validation
ROC curve analysis was performed to evaluate
the discrimination ability of developed models.
The AUC value represents the capability of a
model to distinguish diabetic and non-diabetic
individuals [22-25].

The deep learning framework achieved the
highest AUC value, demonstrating strong
classification ability. Machine learning models
also showed acceptable discrimination
performance; however, their lower AUC values
indicate reduced ability to capture complex
relationships among clinical features.
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Figure 4: ROC Curves on Testing Datasets
4. Conclusion
In this study, a comparative analysis of machine
learning and deep learning-based predictive
frameworks was performed for diabetes
classification using clinical parameters. The Pima
Indians Diabetes Dataset was utilized to evaluate
the effectiveness of different computational
approaches, including Random Forest, Support
Vector Machine, Decision Tree, Extra Trees, and
a deep learning-based model. The results
demonstrated that all developed models were
capable of identifying diabetic and non-diabetic
cases; however, differences were observed in their
classification performance. The deep learning-
based framework achieved superior predictive
capability compared with conventional machine
learning algorithms due to its ability to
automatically extract complex patterns and
nonlinear relationships among clinical features.
Among traditional machine learning approaches,
Support Vector Machine and Random Forest
showed comparatively better performance, while
Decision Tree demonstrated relatively lower
classification ability. The ROC curve and AUC
analysis further confirmed the reliability of the
deep learning framework in distinguishing
between diabetic and non-diabetic individuals.
The findings indicate that artificial intelligence-
based predictive models can provide valuable

support for early diabetes screening and risk
assessment. Although deep learning approaches
demonstrated improved performance, machine
learning algorithms remain useful because of
their simplicity, interpretability, and lower
computational requirements. Future studies
using larger and more diverse clinical datasets are
recommended to further validate the
generalizability of these predictive frameworks.
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