International Journal of Scientific Research & Engineering Trends
Volume 12, Issue 3, May-June-2026, ISSN (Online): 2395-566X

An Intelligent Predictive Framework for Early Diagnosis
and Risk Stratification of Diabetes Mellitus

'K.Jagadeesh, ’K Sravanthi, M Charanya, ‘M Deepika Veera Naga Rajyalakshmi, G Vineetha Raj.
! Associate Professor, Department of IT, Vignan’s Nirula Institute of Technology and Science, Guntur.
2345 B, Tech, Department of IT, Vignan’s Nirula Institute of Technology and Science, Guntur®

Abstract- Diabetes mellitus is one of the most prevalent chronic diseases worldwide, posing significant health and economic
challenges. Early prediction of diabetes can greatly assist in timely diagnosis and effective management of the disease. This study
presents a machine learning— based approach for predicting the likelihood of diabetes using clinical and physiological data. The
dataset was preprocessed through normalization and feature selection to improve model efficiency. Various supervised learning
algorithms, including Logistic Regression, Decision Tree, Random Forest, and Support Vector Machine (SVM), were
implemented and evaluated based on accuracy, precision, recall, and F1-score. Among these, the Random Forest classifier
demonstrated superior performance with the highest overall accuracy, indicating its robustness in handling complex, non-linear
relationships among features. The results suggest that predictive modelling using machine learning can serve as a valuable tool
to support healthcare professionals in identifying individuals at high risk of developing diabetes. Future work will focus on
incorporating larger and more diverse datasets and exploring deep learning models to further enhance predictive accuracy and
reliability.
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I. INTRODUCTION

Diabetes mellitus is one of the most common and serious
metabolic disorders worldwide, affecting millions of
individuals across different age groups and regions [1]. It
occurs when the body fails to produce sufficient insulin or
cannot effectively utilize the insulin it produces, resulting in
elevated blood glucose levels [2]. Over time, uncontrolled
diabetes can lead to several severe complications such as
cardiovascular diseases, kidney failure, nerve damage, and
vision impairment [3]. According to the World Health
Organization (WHO), diabetes is among the top ten causes of
death globally, and its prevalence continues to rise due to
changing lifestyles, poor dietary habits, and genetic factors [4].
The International Diabetes Federation (IDF) estimates that by
2045, nearly 700 million adults will be living with diabetes if
current trends persist [5]. This alarming increase highlights the
urgent need for effective methods of early detection and
intervention [6]. Traditional diagnostic techniques for diabetes
In recent years, the availability of large healthcare datasets and
the rapid advancement of artificial intelligence (AI) have
opened new possibilities in medical research [11]. Among
various Al techniques, machine learning (ML) has shown
exceptional potential in analyzing medical data and predicting
diseases based on complex patterns and relationships [12].

Machine learning algorithms have been successfully applied in
various healthcare domains such as cancer detection, heart
disease prediction, and neurological disorder diagnosis [13].
For diabetes prediction, ML models can process multiple
clinical and physiological factors such as glucose levels, BMI,
blood pressure, age, insulin concentration, and family medical
history to determine the likelihood of diabetes more accurately
than traditional statistical methods [14]. The main objective of
this research is to develop an efficient and accurate predictive
model for diabetes using machine learning algorithms [15]. In
this study, various supervised learning

This study aims not only to build a predictive model but also to
demonstrate the significance of machine learning in improving
healthcare analytics and decision-making [19]. The proposed
model can assist medical professionals in identifying high-risk
patients early, thereby facilitating timely treatment and
preventive care [20]. In the long run, integrating such data-
driven approaches into healthcare systems can lead to
personalized medicine, reduced medical costs, and better
management of chronic diseases like diabetes [21]. Future
extensions of this work can include the use of deep learning
models, larger and more diverse datasets, and real-time data
integration from wearable health devices to further enhance
prediction accuracy and clinical usefulness [22] [23].
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Diabetes, particularly Type 2 diabetes, is often asymptomatic in
its early stages, which makes early diagnosis challenging but
critically important [24]. Many individuals remain undiagnosed
until serious symptoms or complications develop, by which
time treatment becomes more complex and less effective [25].
This highlights the need for predictive tools that can analyze
various risk factors such as age, obesity, physical inactivity,
genetic predisposition, and blood markers to identify
individuals at high risk even before clinical symptoms appear
[26]. Machine learning techniques are well-suited to handle
such multifactorial data and can reveal subtle patterns that
traditional statistical methods might miss [27]. By providing
early warnings, these predictive models enable healthcare
providers to implement preventive strategies, including
lifestyle modifications and medical interventions, to delay or
even prevent the onset of diabetes [28].

II.. LITERATURE REVIEW

R. Marzouk et al. [1] research presents a significant
advancement in the predictive modeling of Type-2 Diabetes by
combining a comprehensive suite of machine learning
algorithms with a novel IoT-enabled personalized monitoring
system. Unlike many studies that rely solely on static datasets,
Marzouk integrates real-time patient data collection through
QR code—based connectivity, allowing continuous monitoring
of vital health parameters and insulin records. This integration
supports timely, data-driven decisions by healthcare providers
and enhances patient engagement. Evaluated on both synthetic
data and the PIMA Diabetes Dataset, the study demonstrates
that Artificial Neural Networks outperform other models in
prediction accuracy. Additionally, the inclusion of interactive
dashboards tailored for regional patient demographics, such as
those in Saudi Arabian cities, adds a practical dimension often
missing in diabetes prediction research [31]. Marzouk’s work
effectively bridges the gap between advanced predictive
analytics and real-world clinical application, addressing critical
challenges in diabetes machine learning and IoT management
by leveraging both technologies [32].

N. Nisha Nadhira Nazirun et al. [2-4] provided a
comprehensive systematic literature review focusing on
artificial intelligence (Al) based prediction models for Type 2
Diabetes (T2D) progression. Their study synthesizes research
published between 2018 and 2022, analyzing 40 key papers to
categorize predictive approaches into three main groups:
mathematical models, machine learning (ML), and deep

learning (DL). The review highlights the widespread adoption
of ML techniques, with Random Forest (RF) emerging as the
most effective model in predicting diabetes progression.
Nazirun et al. emphasize the importance of data preprocessing,
feature selection, and appropriate evaluation metrics as best
practices for developing reliable prediction models [33].
Additionally, their work identifies ongoing challenges in the
field, such as model interpretability and data complexity,
proposing future research directions including the integration
of feature reduction tools and the creation of interpretable
predictive models. By offering a structured overview of current
methodologies and pinpointing gaps, this review significantly
contributes to guiding future Al-based diabetes research toward
more accurate, transparent, and clinically applicable prediction
systems [34].

A. Ali Linkon et al. [5-7] contributed to the growing field of
diabetes prediction by systematically analyzing the impact of
feature transformation techniques on the performance of
various machine learning (ML) models. Recognizing the
critical need for early diabetes detection, their study evaluates
how preprocessing methods specifically no transformation,
normalization, and min-max scaling affect classification
accuracy when applied to a publicly available dataset
containing 768 records and 8 features. The researchers assess
twelve ML models, including traditional algorithms and
advanced ensemble techniques, using key evaluation metrics
such as accuracy, precision, recall, F1-score, and AUC-ROC.
Notably, the Light Gradient Boosting Machine (LGBM)
achieved the highest accuracy (82.91%) with min-max scaling,
confirming the importance of proper feature scaling in boosting
model performance. Their findings reaffirm that ensemble
methods consistently outperform traditional ML models in
predictive accuracy and re

N. Y. Philip et al. [8-10] research emphasizes the critical role of
personalized care in the long-term management of Type 2
Diabetes (T2D), leveraging data science and big data analytics
to support clinical decision-making. Recognizing the
heterogeneity in patient characteristics and treatment
responses, the study introduces an integrated analytics suite
designed to extract meaningful insights from large-scale
electronic health records (EHRs). This suite incorporates
exploratory, predictive, and visual analytics to enable multi-tier
classification of patient profiles, assess risk for T2D-related
complications, and predict treatment responses. By utilizing
advanced data analysis techniques, the research provides a
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framework for clinicians to better understand associations
between biological markers and disease outcomes [37]. Philip's
work stands out by moving beyond traditional predictive
models to offer a holistic, data-driven decision-support tool that
aligns with the broader movement toward precision medic

L. Zhang et al. [11-12] developed a robust predictive
framework for assessing diabetes risk using a large-scale
population dataset from the Henan Rural Cohort Study,
focusing on enhancing the reliability of diabetes prediction in
resource-limited settings. The study addressed critical
challenges faced in medical data analysis, such as class
imbalance and low identification rates, by proposing a joint
bagging-boosting model (JBM). This model integrated
ensemble techniques bagging, boosting, and stacking offering
improved classification performance [39]. Notably, the model
excluded laboratory-dependent variables, opting instead for
non-invasive, easily accessible variables using the maximum
likelihood ratio method, thus making it more practical for large-
scale screenings. To tackle data imbalance, the study explored
both over- sampling and under-sampling methods, which are
widely accepted strategies in machine learning to improve
model generalizability. The final model achieved an impressive
AUC 0f 0.885 and a

P. Nuankaew et al. [13] proposed a novel diabetes prediction
method called AverageWeighted Objective Distance (AWOD),
aimed at improving early detection of Type 2 diabetes by
considering individual health differences. AWOD enhances the
traditional Weighted Objective Distance by using information
gain to assign weights to features based on their relevance.
Tested on two small datasets Pima Indians and Mendeley
Diabetes AWOD achieved 93.22% and 98.95% accuracy,
outperforming common machine learning models like KNN,
SVM, Random Forest, and Deep Learning [41]. This method
shows strong potential for personalized prediction, especially
in cases with limited data.

A. Castillo et al. [14] introduced a novel approach for
improving the efficiency of neural network-based
implementations of Model Predictive Control (MPC),
particularly for automated insulindelivery in Type 1 Diabetes.
The study proposed the use of Optimally-Sampled Datasets
(OSDs) carefully selected training subsets that retain MPC
behavior, eliminate data redundancy, and ensure completeness.
By training neural networks with OSDs, the authors achieved a
fourfold improvement in accuracy when replicating the

University of Virginia’s MPC algorithm. This method not only
reduces computational costs but also enables deployment on
resource-constrained embedded devices. Notably, two OSD-
trained networks received regulatory clearance for clinical
trials, marking a significant step toward real-time Al-driven
insulin dosing in clinical practice.

N. Fazakis et al.[15-16] proposed an Al-enabled, IoT-based
health monitoring framework aimed at predicting diabetes risk
among the elderly, with a focus on supporting prolonged
workforce participation. Recognizing the limitations of
traditional models in personalization, the study incorporated
elements of the Knowledge Discovery in Databases (KDD)
process such as feature selection and classification to improve
predictive accuracy. The proposed ensemble model,
WeightedVotingLRRFs, used a bi-objective genetic algorithm
to optimize model weights based on sensitivity and AUC,
achieving a strong AUC of 0.884. Comparative analysis with
traditional risk scores like FINDRISC and Leicester
demonstrated the model's effectiveness. By leveraging
supervised learning and data from the English Longitudinal
Study of Ageing (ELSA), the study emphasized the potential of
personalized, automated diabetes prediction systems in
promoting healthy aging and informed workforce policies.

V. K. Daliya and T. K. Ramesh et al. [17-18] proposed an
ensemble machine learning approach for predicting Type 2
diabetes progression, combining the strengths of Light
Gradient Boosting Machine (LightGBM) and K-Nearest
Neighbors (KNN). The model utilizes soft voting to classify
patients into high or low-risk categories based on health
parameters and serum data.

Optimization techniques such as grid search and 10-fold cross-
validation were employed to enhance performance. The model,
implemented using Azure Machine Learning in a cloud-based
environment, achieved an AUC of 83.2% and an accuracy of
75%, indicating reliable performance. The integration of cloud
computing underscores the model’s potential for scalable and
remote healthcare monitoring, especially within IoT-enabled
smart health systems. Comparative evaluations confirmed the
superiority of the ensemble over other baseline models,
establishing its usefulness for early diabetes risk assessment
and clinical decision support.

Z. Wang et al. [19-20] addressed the challenge of early diabetic
retinopathy (DR) prediction by leveraging longitudinal
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electronic health records (EHRs) through a novel deep learning
framework called Multi-branching Temporal Convolutional
Network with Tensor Data Completion (MB-TCN-TC). The
model was designed to overcome common issues in EHR data
such as missing values and class imbalance, while also
capturing temporal patterns and complex interactions among
clinical variables. Compared to traditional TCN models, MB-
TCN-TC achieved a significant improvement with an AUROC
of 0.949, AUPRC of 0.793, and notable gains in F1 score
(19.3%). This approach demonstrates strong potential for cost-
effective DR screening in clinical settings, especially where
access to ophthalmic equipment is limited, thereby contributing
to preventive diabeticcare through advanced machine learning
techniques.

I1II. PROPOSED MODEL

The proposed model for diabetes prediction integrates a
comprehensive machine learning framework designed to
accurately identify individuals at high risk of developing
diabetes. The foundation of the model lies in utilizing clinical
and physiological data, including features such as glucose
levels, body mass index (BMI), blood pressure, age, insulin
concentration, and family history. The raw dataset undergoes a
rigorous  preprocessing phase where data cleaning,
normalization, and missing value imputation are performed to
enhance data quality and consistency. Feature selection
techniques are applied to reduce dimensionality and retain only
the most relevant variables, thereby improving the efficiency
and interpretability of the model.

To capture complex patterns within the data, multiple
supervised machine learning algorithms are employed,
including Logistic Regression, Decision Tree, Random Forest,
and Support Vector Machine (SVM). Each algorithm is trained
on the processed dataset and optimized through hyperparameter
tuning and cross-validation techniques. The Random Forest
algorithm, known for its robustness against overfitting and
ability to model non-linear relationships, is anticipated to yield
superior performance in this context. The ensemble approach
of Random Forest, which aggregates predictions from multiple
decision trees, enhances generalization and accuracy across
diverse patient profiles.

Model evaluation is conducted using a variety of performance
metrics, such as accuracy, precision, recall, F1-score, and ROC-
AUC, to ensure a comprehensive assessment of the classifier’s

effectiveness. These metrics collectively help in understanding
the model’s ability to correctly identify both diabetic and non-
diabetic individuals while balancing false positives and false
negatives. This evaluation framework ensures that the
predictive model is not only accurate but also clinically
meaningful, minimizing risks associated with misdiagnosis.

Finally, the proposed model aims to be integrated into
healthcare decision support systems to facilitate early diagnosis
and timely intervention. By predicting diabetes risk before the
onset of clinical symptoms, healthcare providers can
recommend preventive measures such as lifestyle changes or
early treatments, thus potentially reducing the incidence and
severity of complications. Future enhancements of the model
may involve the incorporation of deep learning architectures
and the use of larger, more diverse datasets, including real-time
data from wearable devices, to further improve prediction
accuracy and adapt to evolving healthcare needs.
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Figure 1: Experimental vs Data-Driven Diabetes
Classification Workflow

Algorithm Steps

Data Collection

Gather clinical and physiological data from reliable sources or
datasets (e.g., glucose levels, BMI, blood pressure, age, insulin
levels, family history).

Data Preprocessing
Handle missing values using imputation techniques (mean,
median, or more advanced methods).

Normalize or standardize features to bring them to a
comparable scale.
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Remove or treat outliers to reduce noise in the data.

Encode categorical variables if any (e.g., gender, family
history) using techniques like one-hot encoding.

Feature Selection
Analyze feature importance using correlation matrices or
domain knowledge.

Apply feature selection techniques such as Recursive Feature
Elimination (RFE) or Principal Component Analysis (PCA) to
retain relevant features.

Model Training
Split the dataset into training and testing subsets (e.g., 80%
training, 20% testing).

Train multiple supervised learning models including:
e Logistic Regression

e Decision Tree

e Random Forest

e  Support Vector Machine (SVM)

Use cross-validation to tune hyperparameters and avoid
overfitting.

Model Evaluation
Evaluate each model using metrics like Accuracy, Precision,
Recall, F1-Score, and ROC-AUC.

Compare performance of all models to select the best
performing algorithm.

Model Deployment
Integrate the best model into a healthcare decision support
system.

Provide prediction outputs that classify individuals as diabetic
or non-diabetic with associated confidence scores.

Future Enhancement
Update the model with new data periodically.

Explore deep learning approaches for improved prediction
accuracy.
Incorporate real-time data from wearable devices for
continuous monitoring.

Mathematical Euations

Data Collection — Collect clinical and physiological features
along with labels and diabetes predictions. Collect clinical and
physiological features along with labels for diabetes prediction:
X=[x1,x2,...nl,y=[yl,y2,...,yn],yi € {0, 1}

2.

Missing Value Imputation - Replace missing values in features
using mean or median imputation:

xi={

x(i), if observed
J

x

if missing, x
=1>n

x(1)

J

=1

Feature Normalizatio - Scale features to a comparable range
using min-max normalization:

x(i) =

x(i) — min(xj)

max(xj ) —min(xj)

4.

Feature Selection - Select relevant features based on correlation
and importance scores:

N

(X(n) = xi)(x(n) —xj)
N

1
— Importance(x |f(x))
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Sn=1 (xi

—xi) V¥n—1 (xj
—xj)

5.

Logistic Regression Prediction - Predict probability of diabetes
using logistic regression:
P(y = 1 | X) =

1
1 +e—(wTx+b)
6.

Decision Tree / Random Forest, Split data using Gini index and
aggregate predictions in Random Forest:

Gini(S) = 1 - yC

p2,
IG(S , A) = Gini(S) - )

SVGini(S
),

y=
c=1
mod{ht(x)}t=1T
veValues(A)

S
v
Support Vector Machine (SVM) - Find the optimal hyperplane

separating diabetic and non- diabetic samples:
f(x)=wTx+b

K-Nearest Neighbor(Distance Measure)
D(x, y) = \¥n
(xi = yi)

i=0

9.

Random Forest Ensemble Model
y'=majority vot(yly2,...,yr)
10.

Model Evaluation - Evaluate model performance using metrics
such as accuracy and F1- score:
Accuracy =

TP +TN
TP +TN +FP +FN

B

F1 -2 . Precision . Recall
Precision +Recall

IV. RESULT

The machine learning—based predictive model developed for
diabetes demonstrated significant effectiveness in identifying
individuals at high risk of developing the disease. Among the
evaluated algorithms—Logistic Regression, Decision Tree,
Random Forest, and Support Vector Machine—the Random
Forest classifier consistently achieved the highest performance
across all metrics, with superior accuracy, precision, recall, and
F1-score, highlighting its ability to capture complex, non-linear
relationships in clinical and physiological data. Feature
preprocessing, including normalization and selection,
contributed to improved model efficiency and interpretability,
while cross-validation ensured robustness against overfitting.
The results indicate that machine learning models, particularly
ensemble methods like Random Forest, can serve as reliable
and cost-effective tools to support early diagnosis, enabling
timely preventive interventions and potentially reducing the
long-term complications and economic burden associated with
diabetes.
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Table 1: Model Performance for Diabetes Prediction Tree
Model Accuracy| Precisio| Recall] F1- SVM 768 10 Clinical
(%) n (%) (%) | Score XGBoost 1,200 12 Clinical +
(%) Lifestyle
Decision Tree | 832 | 824 | 817 | 820 Random 1,500 12 Clinical +
Support Vector | 85.6 849 | 842 | 845 Forest Demographic
Machine (SVM) Model
XGBoost 88.3 87.5 87.0 87.2 . -
Random Forest 91.0 903 89.8 90.0 The table presents the dataset characteristics utilized for
Model training the different machine learning models. Each model

It indicate that the Random Forest model achieved the highest
accuracy, precision, recall, and F1-score among all compared
algorithms. This demonstrates its superior capability in
handling complex and non-linear data patterns for diabetes
prediction. Ensemble learning in Random Forest enhances
prediction stability and reduces overfitting, making it the most
reliable model in this study.
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Decision Tree SWVM XGBoost Random Forest

Models

Figure 2: Performance Comparison of Classification Models

The graph compares the performance metrics of four
classification models. Random Forest achieved the highest
scores across all metrics, indicating its superior predictive
accuracy and balance between precision and recall. XGBoost
followed closely, while SVM and Decision Tree showed
moderate performance. Overall, ensemble-based models
outperformed traditional classifiers in predictive capability..

Table 2: Dataset Characteristics Used for Model Training

was trained using varying dataset sizes and feature sets. The
inclusion of both clinical and demographic or lifestyle data in
larger datasets allowed for more comprehensive analysis,
improving the models’ ability to capture diverse risk factors
associated with diabetes prediction.

—8— Dataset Size (Records)
—m— Features Used

1400
1200 A

1000 A

800

Values

600

01 B

XGBoost Random Forest

Models

Decisicl)n Tree S\,I‘M
Figure 3: Comparison of Dataset Size and Feature Count
Across Models

The line graph illustrates the dataset size and number of
features utilized by each model during training. Random Forest
used the largest dataset with the highest number of features,
enhancing its generalization capability. XGBoost followed with
a slightly smaller dataset, while Decision Tree and SVM were
trained on relatively smaller data volumes. This variation
impacts each model’s learning depth and performance
outcomes..

Model Dataset Size | Features Type of]

(Records) Used Data . .
Decision 768 3 Clinical Table 3: Data Preprocessing Techniques

Model Missing Normalization Feature Encoding

Value Method
Handling
Decision Tree Mean Imputation None Label Encoding
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SVM Median Imputation Standard Scaling One-Hot

XGBoost KNN Imputation Min—Max Scaling One-Hot
Random KNN + Mean Hybrid | Z-score Normalization One-Hot + Label

Forest Model Encoding

It presents the preprocessing techniques used for training the
machine learning models. Each model applied different
methods for handling missing values, normalization, and
feature encoding to improve data quality. Using appropriate
preprocessing ensures that all features are standardized and
comparable, which enhances model accuracy and overall
performance.

4.0 1 —®— Missing Value Handling
—m— Normalization Method

—A— Feature Encoding

3.5 1

154

Technique Index

1.0 1

0.5 1

001 %

T T T T
Decision Tree SVM XGBoost Random Forest

Models

Figure 4: Comparison of Data Preprocessing Approaches
Across Models

The graph represents the comparative preprocessing
approaches adopted by the four models. Each model employs
distinct strategies for handling missing values, normalization,
and feature encoding. Random Forest and XGBoost exhibit
more advanced preprocessing steps compared to simpler
models like Decision Tree and SVM. These variations in
preprocessing contribute to differences in overall model
performance and efficiency.

Table 4: Feature Selection and Dimensionality Reduction

Model Feature Selection

Technique

Number of Features Dimensionality

Selected Reduction

Decision Tree Correlation Filter

6 None

SVM Chi-Square Test

7 PCA (2 Components)

XGBoost Information Gain

9 None

Recursive Feature
Elimination (RFE)

Random Forest
Model

10 PCA (2 Components)

It presents the feature selection and dimensionality reduction
methods used for each machine learning model. Different
techniques were applied to identify the most relevant features,
thereby improving model efficiency and reducing
computational complexity. The Random Forest model utilized
Recursive Feature Elimination (RFE) along with PCA to retain
the most significant features while minimizing redundancy for
better prediction performance.
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Figure 5: Comparison of Feature Selection Across Models

T T
Decision Tree SVM

The graph highlights the variation in the number of features
selected by each model during feature selection and
dimensionality reduction. Random Forest selected the highest
number of features, indicating its ability to leverage more data
for improved accuracy. XGBoost and SVM utilized a moderate
number, while Decision Tree used the least. The results reflect
how model complexity influences feature selection strategies.

Table 5: Training and Validation Strategy

Model Split Ratio Cross- | Hyperparameter
(Train:Test) | Validation Tuning
Decision 70:30 5-Fold Grid Search
Tree
SVM 80:20 10-Fold Manual
XGBoost 75:25 10-Fold | Random Search
Rand 80:20 10-Fold | Grid + Random
om Hybrid
Fores
t
Mode
1

It describes the training and validation strategies adopted for
each machine learning model. Different data split ratios and
cross-validation folds were used to ensure robust performance
evaluation. The Random Forest model employed a hybrid
hyperparameter tuning approach combining both grid and
random search methods, resulting in optimized parameters and
improved generalization during model testing.

N /\"_///
70
60 4

50 1
—&— Training Split (%)

40 —®— Cross-Validation (Folds)

—&— Hyperparameter Tuning (Score)

30

201

Training & Validation Metrics

10 1

T T
Decision Tree SVM
Models

T T
XGBoost Random Forest

Figure 6: Comparison of Training and Validation Strategies
Used Across Models

The graph compares the training and validation configurations
used by each model. Random Forest, XGBoost, and SVM
adopted advanced 10-fold cross-validation, ensuring robust
performance evaluation. Decision Tree used a simpler 5-fold
strategy. Random Forest exhibited the highest tuning
complexity, reflecting its combined grid and random search
approach for better optimization accuracy.

Table 6: Evaluation Metrics Comparison

Model ROC- | Specificit| Sensitivit| Error Rate
AUC | y (%) y (%) (%)
Decision Tree| 0.85 82 80 17.8
SVM 0.87 84 82 154
XGBoost 0.89 86 85 12.3
Random 091 89 88 9.0
Forest Model

It compares the evaluation metrics of different machine
learning models based on ROC-AUC, specificity, sensitivity,
and error rate. The Random Forest model achieved the highest
ROC- AUC and lowest error rate, indicating superior
classification capability. This demonstrates its effectiveness in
balancing true positive and true negative predictions, resulting
in more accurate and reliable performance across datasets.
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Figure 7: Performance Evaluation of Models Based on Key
Metrics

The graph compares model performance across key evaluation
metrics. Random Forest achieved the highest ROC-AUC,
specificity, and sensitivity, while maintaining the lowest error
rate. XGBoost performed closely, followed by SVM and
Decision Tree. These results demonstrate the superior
generalization and predictive ability of ensemble-based models
like Random Forest in classification tasks.

Table 7: Model Complexity and Computational Efficiency

120 1 —e— Training Time (s)
—o— Testing Time (s)

—8— Memory Usage (MB)

100 A

80 1

60 1

Computation Metrics

20 4

b X b

8

04

XGBoost Random Forest

Models
Figure 8: Comparison of Model Complexity and
Computational Efficiency

T T
Decision Tree SVM

The graph illustrates the computational performance of
different models in terms of training time, testing time, and
memory usage. XGBoost required the highest computational
resources, while Decision Tree was the most efficient. Random
Forest showed a balanced trade-off between processing time
and memory consumption. These results indicate that ensemble
models achieve higher accuracy with moderate computational
cost.

Model | Traini Testlng Memor Inte.rPretab Table 8: Comprehensive Performance Summary of Compared
ng Time (s) | Y Usage ility Models
Time (MB)
Decisi (5)23 0.4 50 High z
ecision . . 1 o ~ O~
Tree : _ SE: 8 é - %D %
SVM 438 0.9 80 Medium | |3 g < |5 gP <
XGBoost | 6.2 1.1 120 Low = 2 g | £ =
Rando 5.1 0.8 100 High < = E
m =
Forest Decision | 832 | 085| 23 50
Model Tree
SVM 85.6 0.87 4.8 80
It compares model complexity and computational efficiency XGBoost 883 0.89 6.2 120
among various machine learning algorithms. The Decision Tree 91.0 091 51 100
model shows the fastest training and testing times with low
memory usage but lower scalability. XGBoost is
computationally heavier due to its iterative boosting process, £ o =
while the Random Forest model achieves a balance between '§ s 3
speed, memory consumption, and interpretability, making it a o = p=
practical choice for real-time prediction tasks.
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It provides an overall summary of model performance,
highlighting accuracy, ROC-AUC, training time, and memory
usage. Among all models, the Random Forest model achieved
the highest accuracy and ROC-AUC while maintaining
moderate computational demands. This balance of predictive
power and efficiency demonstrates its reliability and
effectiveness for large-scale classification tasks.
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Figure 9: Overall Performance Comparison of Models

The graph shows the comparative performance of all models
based on accuracy, ROC-AUC, training time, and memory
usage. Random Forest achieved the highest accuracy and ROC-
AUC values while maintaining moderate computational cost.
XGBoost followed closely, delivering strong results with
slightly higher resource requirements. Decision Tree and SVM
performed efficiently but with lower overall accuracy,
indicating their simpler predictive structures.

V. CONCLUSION

The study effectively demonstrates how machine learning can
be applied to predict diabetes at an early stage using clinical
and physiological data. Several models, including Decision
Tree, SVM, XGBoost, and Random Forest, were developed and
compared based on accuracy, ROC-AUC, and computational
efficiency. Among these, the Random Forest model achieved
the highest accuracy of 91%, indicating its robustness and
superior predictive ability. The research emphasizes the
importance of proper data preprocessing, feature selection, and
hyperparameter tuning in achieving reliable outcomes. The
developed model provides a strong foundation for integrating
intelligent diagnostic systems into healthcare. Early detection

through such predictive tools can help reduce complications
and improve patient management. Future work can focus on
larger datasets, real-time IoT integration, and deep learning
models to further enhance accuracy and clinical applicability.
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