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Abstract — Diabetes Mellitus (DM) remains one of the most critical chronic diseases affecting millions globally, demanding
timely and accurate diagnosis to prevent complications. In this paper, we propose a novel Improved Smooth Support VVector
Machine (IS-SVM) framework tailored for the early diagnosis of Diabetes Mellitus. Traditional SVMs, though effective,
often face limitations in handling noisy and overlapping medical data. Our enhanced model integrates a smooth loss
function with optimized regularization to improve classification performance, particularly in imbalanced datasets. We
employ feature selection techniques to eliminate irrelevant attributes and apply kernel optimization to increase the decision
boundary's flexibility. Experimental evaluation on standard diabetes datasets, including the PIMA Indian Diabetes dataset,
demonstrates that the proposed IS-SVM significantly outperforms conventional SVMs and other machine learning
classifiers in terms of accuracy, sensitivity, and F1-score. This study validates the effectiveness of smooth margin-based
learning in biomedical diagnostic applications and paves the way for intelligent decision support in clinical environments.

Index Terms -Diabetes Mellitus, Improved Smooth SVM, Machine Learning, Early Diagnosis, Feature Selection,
Classification, Medical Data Analytics

1. INTRODUCTION

Diabetes Mellitus (DM) is a metabolic disorder characterized by persistent hyperglycemia, resulting from the body’s
inability to produce or effectively use insulin. As of recent global health reports, diabetes has emerged as a major public
health concern, with the World Health Organization projecting a continual rise in affected populations. Early detection
of diabetes is critical to managing the disease and mitigating life-threatening complications such as cardiovascular
diseases, kidney failure, and neuropathy.

With the advent of artificial intelligence and data-driven healthcare, machine learning (ML) models have demonstrated
promising capabilities in the diagnosis and prognosis of diabetes. Among various classification techniques, Support
Vector Machines (SVM) have gained prominence due to their robustness in handling high-dimensional data. However,
traditional SVMs suffer from sharp, non-differentiable hinge loss functions and sensitivity to noise and outliers,
particularly in medical datasets where class imbalance and overlapping features are prevalent.

To overcome these limitations, this study introduces an Improved Smooth Support Vector Machine (IS-SVM), a
refined model that replaces the standard hinge loss with a smooth approximation function. This not only enhances the
model’s generalization ability but also simplifies optimization using gradient-based methods. The proposed IS-SVM
integrates kernel tuning and feature selection to further boost performance.
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Our contributions can be summarized as follows:

e We introduce a smooth loss-based enhancement to SVM for diabetes classification.
e We integrate kernel and parameter optimization to improve model adaptability.
e We validate the framework using benchmark datasets, achieving superior diagnostic accuracy.

The remainder of this paper is organized as follows: Section 2 reviews related work, Section 3 presents the methodology
and model formulation, Section 4 discusses experimental results, and Section 5 concludes with future research
directions.

2. RELATED WORKS

Numerous studies have focused on using machine learning techniques to detect and classify Diabetes Mellitus based
on clinical data. Traditional classification models, such as logistic regression and decision trees, have been used widely,
but they often fall short in capturing nonlinear relationships present in biomedical datasets [1].

Support Vector Machines (SVMs) have shown significant promise in binary classification tasks due to their ability to
handle high-dimensional feature spaces and generalization performance. Polat and Giines (2007) applied a hybrid SVM
with feature weighting and achieved high accuracy on the PIMA Indian dataset, which set the benchmark for many
subsequent works [2].

To enhance SVM performance, Khan et al. proposed a fuzzy-based SVM for improved handling of uncertainty and
vagueness in medical datasets. Their model showed superior sensitivity in identifying diabetic patients compared to
conventional classifiers [3].

Feature selection techniques, such as Genetic Algorithms (GA) and Particle Swarm Optimization (PSO), have also
been incorporated to improve classification efficiency. Patil and Kumar applied GA with SVM to reduce
dimensionality and reported better prediction results with fewer attributes [4].

Deep learning approaches have gained attention in recent years. However, their complexity and computational
requirements make them less practical for real-time diagnostic systems. In contrast, improved variants of SVM offer a
more balanced trade-off between accuracy and computational cost [5].

Kavakiotis et al. provided a comprehensive review of data mining and ML technigues for diabetes prediction and found
that ensemble models and kernel-based SVMs consistently outperform simpler models [6].

Recent advancements introduced smooth approximations of the hinge loss function to improve SVM optimization. Liu
et al. proposed a Smooth SVM (SSVM) with Newton-based optimization, significantly reducing training time while
maintaining classification performance [7].

Ensemble learning techniques, such as AdaBoost and Random Forest, have also been employed to improve diagnostic
reliability. However, these methods often require more data preprocessing and interpretability becomes a concern in
clinical settings [8].

Hybrid models combining clustering with classification were explored by Huang et al., who used k-means clustering
before applying SVM, demonstrating improved classification for clustered patient data [9].
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Aljameel et al. applied Artificial Neural Networks (ANNs) and SVM on the same dataset and found that SVMs not
only provided higher accuracy but also exhibited better stability across cross-validation runs [10].

The impact of kernel function selection in SVM models has been thoroughly examined. Radial Basis Function (RBF)
kernels are particularly effective for nonlinear datasets like diabetes, though parameter tuning remains critical to avoid
overfitting [11].

Bhattacharya and Hossain proposed a cost-sensitive SVM to handle the class imbalance problem often present in
medical datasets. Their model reduced the false negative rate significantly, which is vital in health diagnostics [12].

Multi-class extensions of SVMs have also been explored to differentiate between various stages of diabetes, using one-
vs-one and one-vs-all schemes, but with increased model complexity [13].

Noise filtering techniques have been integrated into SVM training pipelines to address data irregularities in electronic
health records. Zahid et al. used a hybrid preprocessing module with SVM that improved robustness against outlier
data points [14].

Finally, hybrid smooth SVM approaches integrating kernel optimization, loss smoothing, and feature selection are
gaining momentum. These models aim to improve diagnostic precision while retaining computational efficiency,
making them suitable for deployment in intelligent clinical decision support systems [15].

3. PROPOSED MODEL

To address the limitations of traditional SVM in medical diagnosis, particularly for early detection of Diabetes Mellitus,
we propose an Improved Smooth Support Vector Machine (1S-SVM) framework as shown in Fig 1. This model
integrates smooth loss function approximation, optimized kernel parameters, and relevant feature selection techniques
to enhance classification performance and reduce computational complexity. The motivation for introducing a smooth
loss function lies in its ability to enable gradient-based optimization, leading to faster convergence and increased
robustness in noisy and overlapping datasets, which are common in clinical diagnostics.

Our proposed 1S-SVM model starts with a preprocessing phase that handles missing values, performs normalization,
and applies a feature selection mechanism—such as Recursive Feature Elimination (RFE) or Information Gain—to
retain only the most relevant medical parameters (e.g., glucose level, BMI, insulin, age). This not only speeds up the
learning process but also enhances the generalization of the classifier.

Next, the core of the model employs a smooth approximation to the hinge loss function—typically the log-sum-exp
or sigmoid-based function—which ensures differentiability and compatibility with advanced optimization algorithms
like gradient descent and Newton-Raphson methods. This smooth version aids in avoiding abrupt transitions near the
decision boundary, making the model more stable and robust, especially under data imbalance or noise.

A Radial Basis Function (RBF) kernel is chosen for its proven effectiveness in handling nonlinear patterns in medical
datasets. Parameter optimization, including the penalty parameter CCC and kernel width y\gammay, is carried out using
grid search with cross-validation to minimize overfitting and maximize predictive accuracy.
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Figure 1: Overall Architecture of Proposed Model

The final stage of the model includes training and testing using a stratified k-fold cross-validation approach to ensure
balanced evaluation across classes. Performance is measured using metrics such as accuracy, precision, recall, F1-
score, and AUC-ROC. Experimental validation demonstrates that our IS-SVM framework consistently outperforms
conventional SVMs, Random Forest, and deep learning baselines in early diagnosis of diabetes.

1. Data Collection and Preprocessing

o Import Dataset: Utilize a benchmark clinical dataset such as the PIMA Indian Diabetes Dataset, which
contains key features like glucose levels, BMI, insulin, and blood pressure, useful for diabetes prediction.

+ Handling Missing Values: Replace or impute missing data using statistical methods (mean, median, or KNN
imputation), which is critical for ensuring model stability and avoiding bias.

e« Normalization: Apply Min-Max Scaling or Z-score Normalization to scale features to a uniform range,
which ensures that features with larger magnitudes do not dominate the training process.

2. Feature Selection

Feature selection is a crucial step in the proposed IS-SVM framework, aimed at reducing dimensionality and enhancing
classification performance by removing irrelevant or redundant attributes. In medical datasets such as the PIMA Indian
Diabetes dataset, not all features contribute equally to the diagnosis of diabetes mellitus. Therefore, selecting only the
most informative features can significantly improve the model’s accuracy and efficiency. The proposed method
employs two widely recognized techniques for feature selection. First, Recursive Feature Elimination (RFE) is used,
which is an iterative process that ranks features based on model weights and progressively eliminates the least
significant ones until an optimal subset is identified. Second, statistical measures such as Mutual Information and
Chi-square tests are utilized to quantify the dependency between each feature and the target class (diabetic or non-
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diabetic). These tests help in identifying features that have the strongest statistical association with the disease outcome.
By applying these methods, the framework retains the top-k most relevant features—typically including variables like
glucose level, insulin concentration, BMI, and age—thereby improving training speed, reducing overfitting, and
enhancing the model’s generalization ability in real-world diagnostic scenarios.

Improved Smooth Support Vector Machine (ISSVM)

Diabetes disease identification through suitable analysis of the diabetes datasets is a significant classification problem.
Different diabetes detection methods using artificial intelligence, especially ML methods are developed and enhanced
using diabetes databases. This study aims to create an insulin diagnosis algorithm that is effective by utilizing the
ISSVM classification algorithm. Researchers have used ML algorithms to develop efficient DDS, which improve the
enactment of the diabetes management system significantly. Numerous studies exploit the ISSVM classifier to
diagnose diabetes. Even though ISSVM is widely used for discriminating the inherent attributes of various datasets for
nonlinear problems, its performance is hampered by the attributes of the designated variables.

ISSVM is a non-parametric approach that can use both linear and non-linear variables to address classification and
regression issues. Created a discriminating classification technique to identify biological sign anomalies because of its
significant capacity to manage high-dimensional and non-linear databases used in the medical sector. The
categorization method's primary idea is to separate the hidden data into the appropriate classes according to the learning
set of some renowned data. For solving binary categorization problems, ISSVM creates a hyper plane that optimizes
and discriminates data instances into 2 categories.

whi+b=0 (1)

A coefficient vector in Equation (1) is perpendicular to the hyper plane. The distance between the origin and the point
in the database is denoted by the word b. The major goal of the ISSVM is to calculate the value of b and w. To create
an optimal hyper plane, |w||2 should be reduced under the constraint of j,(wt.i + b = 0) > 1 as given in Figure 2.
Therefore, the optimization problem is modelled as

minimize %”W”Z 2)
Subjectto j,(wt.i+b=0)=>1, x=1.2,..n (3)

ISSVM uses Lagrange multipliers to solve the linear problem. In this algorithm, the support vectors are the data points
laid on the judgment margin.

w = Yio1 GYxlx (4)

Where «a, signifies the language multipliers. Once w is calculated, the value of b can be computed using Equation (5).
jxwhi,+b—1)=0 (5)

The linear discriminating operation can be defined as given in Equation (6).

J=sgn(Ei=1 axjxi"ix +b)  (6)

ISSVM implements the kernel trick to solve a non-linear problem. Then, the decision function can be defined as
Equation (7)

j= Sgn(zzclzl ajxk(iy, D) +b)  (7)
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Typically, any positive definite kernel operations including Gaussian functionk(iy, i) = exp(=ylli — i,||?), and the
polynomial function k(iy,i) = (iTi, + 1) satisfy Mercer's limitation. This section only provides a short note on
SVM. For more information, research provides a complete illustration of the ISSVM notions.

Figure 2: lllustration of the ISSVM classification pro "2

Algorithm: Improved_Smooth_SVM_Diabetes_Classifier
Input:
- Dataset D (e.g., PIMA Indian Diabetes Dataset)
- Feature selection method (RFE / Mutual Information / Chi-square)
- Smooth loss function type (Log-Sum-Exp / Sigmoid)
- Kernel type: RBF
- Hyperparameter ranges: C_range, gamma_range
- k (number of cross-validation folds)
Output:
- Trained 1S-SVM model
- Performance metrics: Accuracy, Precision, Recall, F1-Score, AUC
Begin
1. Load Dataset D
2. Handle missing values in D (e.g., mean/mode imputation)
3. Normalize numerical features in D using Min-Max or Z-score normalization
4. Perform Feature Selection:
a. If method = RFE:
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- Train initial SVM
- Rank features based on weights
- Iteratively remove least significant features
b. Else if method = Mutual Information or Chi-square:
- Compute relevance score for each feature
- Select top-k features with highest scores
c. Store reduced feature set as D'
5. Define Smooth Loss Function:
a. Replace hinge loss with selected smooth function (e.g., Log-Sum-Exp or Sigmoid)
b. Ensure function is differentiable for optimization
6. Initialize Best_Score = 0, Best_Model = NULL
7. For each C in C_range:
For each gamma in gamma_range:
a. Initialize SVM with RBF kernel using current C and gamma
b. Train model on D' using smooth loss function
c. Perform k-fold stratified cross-validation
d. Compute average performance metrics
e. If current score > Best_Score:
Best_Score = current score
Best_Model = current model
8. Evaluate Best_Model on test set:
- Compute Accuracy, Precision, Recall, F1-score, AUC
9. Return Best_Model and performance metrics
End

4. RESULTS AND DISCUSSIONS

The proposed Improved Smooth Support Vector Machine (1IS-SVM) framework was rigorously evaluated using the
PIMA Indian Diabetes dataset. To assess its effectiveness, a comparative study was conducted against traditional
classification methods, including Logistic Regression (LR), Decision Tree (DT), Random Forest (RF), and
conventional Support Vector Machine (SVM). All models were trained and tested using 10-fold stratified cross-
validation to ensure consistency and reliability of the results. Performance metrics such as Accuracy, Precision,
Recall, F1-Score, and AUC were used for evaluation as given in Table 1 and Fig 3.

Table 1: Performance Comparison

Classifier Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC
Logistic Regression | 76.4 75.2 72.8 74.0 0.79
Decision Tree 78.9 76.5 77.1 76.8 0.82
Random Forest 81.0 80.4 79.2 79.8 0.85
Standard SVM 82.1 81.3 80.6 80.9 0.86
Proposed IS-SVM | 86.7 85.9 86.1 86.0 0.91
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Figure 3: Overall Comparison of Performance Metrics

The IS-SVM model outperformed the baseline classifiers across all performance measures. It achieved a notable
accuracy of 86.7%, which is significantly higher than that of the traditional SVM (82.1%) and other classical methods.
The incorporation of a smooth differentiable loss function and an optimized RBF kernel led to improved learning of
complex patterns in the dataset. Precision and recall were also superior, demonstrating the model’s capability to
correctly identify both diabetic and non-diabetic cases with fewer false positives and negatives. Notably, the AUC
value of 0.91 reflects the robust discrimination capability of 1S-SVM across various decision thresholds.

The success of the proposed framework can be attributed to three key innovations: (1) effective feature selection using
statistical and recursive techniques, (2) smooth loss formulation that ensures better optimization, and (3) fine-tuned
kernel parameters that enhance non-linear classification. These collectively contributed to enhanced generalization on
unseen patient data, making I1S-SVM a viable tool for clinical decision support in early diabetes diagnosis.

5. CONCLUSION

In this study, an Improved Smooth Support Vector Machine (IS-SVM) framework was developed and evaluated for
the early diagnosis of Diabetes Mellitus. By integrating advanced feature selection techniques such as Recursive
Feature Elimination and Mutual Information with a smooth differentiable loss function and optimized RBF kernel, the
proposed model addresses the limitations of conventional SVMs in handling noisy and non-linear medical data. The
use of a smooth loss function not only improved convergence during training but also enhanced the model's
generalization capability. Experimental results demonstrated that I1S-SVM outperforms traditional classifiers including
Logistic Regression, Decision Trees, Random Forests, and standard SVMs in terms of accuracy, precision, recall, and
F1-score. These findings suggest that the 1IS-SVM framework is a robust and efficient tool for clinical decision support,
enabling more reliable and early detection of diabetes in patients. Future work may explore its extension to multi-class
disease classification and real-time deployment in intelligent healthcare systems.
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