Quarterly Scientific Journal of National University of Skills National
University

Spring 2025, Vol. 22, No. 1, p.150-182 of
Skills

Journal Homepage: https://karafan.tvu.ac.ir/?lang=en

d 10.48301/kssa.2025.448406.2932

Effective Feature Identification for Type-2 Diabetes
Prediction Using Novel Wrapper-Based Random Feature
Selection Methods

Hamed SabbaghGol* ~, Hamid Saadatfar 2* = , Mahdi Khazaiepoor

L.Faculty Member, Department of Computer Engineering, Payame Noor University, Tehran, Iran.

2. Associate Professor, Department of Computer Engineering, Faculty of Electrical and Computer
Engineering, University of Birjand, Birjand, Iran.

3. Assistant Professor, Department of Computer, Bi.C., Islamic Azad University, Birjand, Iran.

ARTICLE INFO ABSTRACT
Diabetes mellitus Type-2 is a chronic metabolic disorder characterized by
. . hyperglycemia resulting from insulin resistance or deficiency. According to
g:s‘:s“elgd 2191(:)[6222%221 estimates, in 2021, approximately 537 million adults had diabetes, a significant

portion of which is attributed to type 2 diabetes. This highlights the critical need to
focus on preventive strategies, early diagnosis, and management of type 2 diabetes.
This study investigates the performance of different novel feature selection
methods in machine learning models for predicting type 2 diabetes. In this research,
Keyword: various wrapper-based feature selection methods were employed to identify the
Type-2 Diabetes most significant features. Classification algorithms including KNN, decision tree,
SVM, random forest, and MLP were evaluated on two standard datasets: Pima
Indian Diabetes and Mendeley Diabetes. The results were compared and evaluated
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Dimension Reduction, Feature

SeleCt_lon i using evaluation criteria such as accuracy, specificity, precision, sensitivity, F1-
Machine Learning measure and ROC curve. The selected features in the Pima dataset include glucose,
Classification body mass index, age and blood pressure, and in the Mendeley dataset include
HbAlc, BMI and cholesterol. These features showed the highest accuracy with
values of 77.3% and 98% using the ERSFS feature selection method in the Pima and
Mendeley datasets, respectively. The present study reveals the potential of feature
*Corresponding Author: selection methods in improving the classification performance of type 2 diabetes
Hamid Saadatfar and can help clinicians and researchers in developing and using more accurate
diagnostic tools for this disease. In addition, this study provides valuable insight
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EXTENDED ABSTRACT

Introduction

Type 2 diabetes is a chronic disease characterized by high blood sugar levels. It is
the most common type of diabetes and is associated with insulin resistance. Individuals
with type 2 diabetes may require medication or lifestyle changes to manage their blood
sugar levels.

Early diagnosis of type 2 diabetes is crucial for preventing complications. Machine
learning algorithms can be utilized to improve the early detection of type 2 diabetes.
However, the performance of these algorithms can be affected by irrelevant features in
the data. Feature selection can be employed to identify a subset of relevant features that
enhance the prediction accuracy and interpretability of the model.

In this study, various Wrapper-based feature selection methods were applied to
standard type 2 diabetes datasets. This study aimed to compare the impact of these
methods on the performance of machine learning models in predicting type 2 diabetes.
Experiments were conducted on two standard datasets, Pima Indian Diabetes and
Mendeley Diabetes.

Initially, different Wrapper-based feature selection methods were employed to
identify effective features for type 2 diabetes classification. Subsequently, the
performance of these features was evaluated using various classification algorithms,
including KNN, decision tree, SVM, random forest, and artificial neural networks.
Finally, the results were compared based on a set of evaluation metrics including
accuracy, Fl-measure, specificity, precision, sensitivity, and the relative operating
characteristic (ROC) curve.

Methodology
This study encompassed four main phases:

1.Data Preprocessing: In this phase, the data is prepared for removing noise, missing
values, and anomalies.

2.Feature Selection: In this phase, feature selection techniques, including Forward
selection, Backward elimination, ERSFS, SFE, and SPFSR are employed to identify a
subset of relevant features from the high-dimensional datasets. This is done to improve
model accuracy and reduce computational complexity.

3.Machine Learning: In this phase, various machine learning algorithms including K-
Nearest Neighbors (KNN) classifier, Support Vector Machine (SVM), J48 decision tree,
random forest, and Multilayer Perceptron (MLP) neural networks are trained on the
selected feature subsets.
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4.Evaluation: In this phase, the performance of the machine learning algorithms is
assessed using various metrics.

Results and Discussion

In the present study, five-fold cross-validation was employed to evaluate the models.
In this method, the data is divided into five random subsets. Four subsets were used to
train the model, and one subset was used to evaluate it. This process was repeated five
times, and the model performance was reported based on the average of the evaluation
results. Various metrics including accuracy, Fl-measure, specificity, precision,
sensitivity, and the relative operating characteristic (ROC) curve, were used to evaluate
the performance of the models. These metrics were calculated based on the confusion
matrix, which shows the number of correctly and incorrectly classified samples by the
model. F1-Score and AUC-ROC are more comprehensive measures of model
performance and represent their overall value.

Two datasets, Pima Indian Diabetes and Mendeley Diabetes, were utilized to
identify effective features for the early diagnosis of type 2 diabetes. Initially, machine
learning algorithms were executed on the datasets without applying feature selection
methods. Subsequently, five feature selection methods including SFS, RFE, ERSFS, SFE,
and SPFSR were employed. Wrapper-based feature selection methods can improve the
performance of machine learning algorithms for type 2 diabetes diagnosis.

In the Pima dataset, ERSFS and SPFSR methods each select 4 features, while the
other methods select 5 features. None of the algorithms selects the same features. The
highest accuracy was achieved by selecting 4 features in the ERSFS method in the SVM
model The features selected by the ERSFS method (i.e., glucose, BMI, age, and blood
pressure) provided the best performance in various machine learning models and can
play an effective role in the early diagnosis of type 2 diabetes. Following ERSFS, the RFE
and SFS feature selection methods demonstrated promising results for decision tree,
random forest, and MLP models. For instance, the SFS method in the MLP model
achieved the highest performance metrics among all feature selection techniques.

In the Mendeley dataset, ERSFS and SFE methods select 3 features, SFE and SPFSR
methods select 4 features, and SFS and RFE methods select 5 features. None of the
algorithms selects the same features. The features selected by SFS, RFE, and SPFSR
methods include the features selected by ERSFS (i.e., HbAlc, BMI, and Chol). The
highest performance, especially accuracy, was achieved in the ERSFS method using
decision tree and random forest algorithms. Following ERSFS, the SFE, RFE, and SFS
feature selection methods also provided acceptable results for the decision tree, random
forest, and MLP models. For instance, the SFS and RFE methods achieved the highest
performance metrics among all feature selection techniques after ERSFS in the MLP
model In the RF and decision tree models, the results of SPFSR are promising,
particularly in terms of accuracy, sensitivity, and F1-measure.
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Machine learning models can utilize these features to identify individuals at risk of
type-2 diabetes and for early diagnosis of the disease.

Conclusions

This study demonstrates that Wrapper-based feature selection methods can be a
valuable tool for improving the performance of machine learning algorithms in type 2
diabetes diagnosis.

The identified features, glucose, BMI, and blood pressure in the Pima dataset and
HbA1c, BM], and cholesterol in the Mendeley dataset, can be employed as tools for faster
and more accurate diagnosis of individuals at risk of type 2 diabetes, as well as for
early disease detection.

Future studies should focus on collecting larger and more comprehensive datasets
in addition to developing more accurate machine learning algorithms for type 2
diabetes diagnosis.
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