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Abstract

Diabetes mellitus is a health issue that is rapidly increasing worldwide, and it affects
more than 347 million people globally. It is important to note that the disease can be
successfully detected in its early stages, enabling physicians to avoid complications and
improve patient outcomes. Despite the fact that machine learning (ML) has been extensively
used in diabetes classification, the available solutions tend to place little or no emphasis
on feature selection and ensembles, which limits prediction accuracy and generalizability.
In this study, we introduce a hybrid framework that is based on three feature-selection
algorithms, specifically, genetic algorithm (GA), correlation-based feature selection (CFS)
and recursive feature elimination (RFE), in single and hybrid forms, and three classifiers,
namely, multi-layer perceptron (MLP), support vector machine (SVM) and random forest
(RF), to achieve a greater predictive robustness with the aid of soft voting. Experimental
findings obtained from a benchmark diabetes dataset indicate that the RFE + CFS + SVM
combination achieves the best performance, with an accuracy of 98.0%, sensitivity of 97.43%,
specificity of 99.03%, precision of 99.51% and F1-score of 98.72%. These results indicate that
the suggested hybrid feature-selection and ensemble learning model can offer a robust and
highly effective approach for early-stage diabetes diagnosis, one which clinicians may use
to make timely and accurate decisions.

Keywords: diabetic prediction; PIAM and Frankfurt; feature selection; classification

1. Introduction

Rapid urbanization and modernization have been responsible for the onset of a wide
variety of chronic diseases, a development which poses a significant challenge to the
world’s public health [1]. Since the beginning of modern medicine, it has been common
knowledge that an accurate diagnosis is one of the most important factors in providing
an effective treatment. The condition is often still diagnosed via a battery of physical and
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chemical examinations. The findings of the many diagnostic tests and examinations point
to the presence of a certain ailment. There is a possibility of mistakes in this prediction
because of the high uncertainty within the various parameters utilized for testing. When
a disease is not diagnosed properly, there may then be no chance of finding a cure or
effective management. Diabetes can be regarded as one of the most significant difficulties
facing the medical profession on a global scale, and the disease’s impact is escalating at
an extremely rapid rate [2]. This term refers to a collection of metabolic conditions that
are characterized by elevated levels of sugar in the blood. Diabetes may put a person
at risk of developing a number of other significant conditions over the course of their
lifetime, including cardiovascular disease, stroke, kidney failure, heart attack, peripheral
artery disease and disorders affecting the blood vessels and nerves [3]. According to recent
research and statistics, there are currently 463 million individuals in the world who are
afflicted with diabetes. This number is projected to rise to 578 million by the year 2030
and 700 million by the year 2045. Because of this, it is anticipated that the number of
diabetic patients will increase by approximately 25% in the year 2030 and 51% in the year
2045 [1]. There are four basic types of diabetes known to exist. These include type 1,
type 2, gestational diabetes, and additional variants. Type 1 and type 2 diabetes are the
most frequent forms of diabetes. Type 1 diabetes is more common in younger people,
particularly children and adolescents. In this particular circumstance, the body generates
either extremely small amounts of insulin or none at all. As a direct consequence of this,
daily insulin injections are required in order to maintain adequate glucose control. This form
of diabetes is characterized by a wide range of symptoms, including increased urination
frequency, rapid weight loss, abnormal thirst, unrelenting hunger, blurred vision, and
fatigue. Insulin therapy is one method that can be used to treat this condition. The majority
of people who develop type 2 diabetes are adults, accounting for approximately 90% of
cases. Higher blood-glucose levels are the result of the body’s inability to properly respond
to insulin. People who are overweight, have poor diets, have high blood pressure, or do not
engage in sufficient physical activity are regarded as being associated with important risk
factors for developing type 2 diabetes. When oral medication is not sufficient to manage
blood-glucose levels, a diabetic may need to take insulin via injection [4,5].

The number of diabetes patients has been steadily growing over the past few years,
which has been a challenge for the medical sector. Recent developments in the field
of healthcare have led to improvements in the early diagnosis of diabetes. However,
nearly half of the people with diabetes are unaware that they have the condition. The
diagnosis may not come for more than ten years in some cases. In the event that treatment
is delayed, serious health issues such as kidney failure, an increased risk of blindness,
high blood pressure, nerve damage, and stroke may emerge. At present, diabetes is a
disease that cannot be cured, and the effectiveness of treatment for diabetes is mostly
dependent accurate diagnosis and prompt treatment. When diabetes is detected in its
early stages, it is possible to gain control over the condition. On the other hand, diabetes
can cause substantial damage to the body and make the condition difficult to treat if it is
undiscovered or left untreated. However, early diabetes detection can lead to improved
treatment, resulting in decreased morbidity and mortality [6].

The majority of medical data is nonlinear, non-normal, correlation-structured, and
complicated in form [3], which makes the analysis of diabetic data a challenging task.
The early diagnosis and prediction of the disease are both currently done manually by a
doctor based on their expertise, experience, and observations. At this time, there is no
fully automated method that has been widely adopted. Although the healthcare sector
already collects a vast amount of data, this does not guarantee that inherent latent patterns
will be revealed. As a consequence of this, the decisions that are made manually can be
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extremely deceptive and hazardous, particularly when it comes to early diagnosis. This
is because some parameters may go unnoticed, which can have a disastrous effect on the
observations and outcomes [1]. Researchers, over the course of the past several years, have
utilized a wide variety of technologies and algorithms in an effort to establish a method for
diagnosing diabetes. One of these technologies is known as machine learning (ML), and
another is known as deep learning (DL). Due to the rapid rise in the number of cases of
diabetes and the increased complexity of the enormous data records of diabetic patients [7],
it is becoming increasingly difficult for medical professionals to provide efficient treatment
using manual approaches. Because of this, medical data mining can be successfully used
for the purpose of improving the diagnosis of a diabetic patient. This is because it permits
the detection of diabetes at an earlier stage. The data categorization method can be utilized
to differentiate between patients diagnosed with diabetes and those who do not have
the condition.

Despite this, raw unstructured datasets can contain a number of attributes that are both
useless and unclear. The overall effectiveness of classification in data mining is hindered by
the presence of such attributes, which contributes to the problem. Therefore, an efficient
attribute optimization approach can be utilized, eliminating less-important features and
producing an optimized dataset with important symptoms that can be mined accurately
using a suitable classification algorithm. This dataset will contain the key symptoms. The
attribute optimization method is an optimizing agent that can be successfully applied to
huge and complicated datasets to lower the sample size without sacrificing any vital data.
This is possible because the method for optimizing attributes functions as an optimizing
agent. As a result, attribute optimization reduces the amount of time required for the
classification process while simultaneously increasing its accuracy.

Even given the extensive amounts of research on individual classifiers and feature-
selection algorithms, the originality of the proposed research is in the simultaneous con-
sideration of various feature-selection methods, combined with ensemble learning, which
is used to provide a systematic framework for diabetes classification. This integration
facilitates enhanced predictive performance, reduces feature redundancy, and guarantees
better generalizability across datasets, a factor which has not been adequately investigated
in previous studies

The fundamental purpose of this research is to diagnose diabetes in its initial stages
so that patients can obtain prompt treatment and avert the serious consequences that are
associated with this life-threatening condition. In addition, another purpose of this research
is to achieve a high level of classification accuracy. This study contributes significantly to
the field of research pertaining to the diagnosis of diabetes. The solution arrived at has
achieved a high degree of classification accuracy when applied to diabetes prediction. This
study has demonstrated higher level of accuracy in classification when compared to other
investigations. The following is a high-level summary of the primary contributions that
this work makes:

e  This research develops an enhanced model of predicting diabetes at an early stage by
incorporating advanced preprocessing techniques.

e  This work presents hybrid methods of feature selection (GA + CFS, GA + RFE and
RFE + CFS) to select the most informative and relevant features.

e Anew type of soft voting ensemble classifier (MSR) is proposed, which is an integra-
tion of multiple base classifiers that improves predictive stability and accuracy.

e  Two benchmark datasets (PIAM and Frankfurt) and their combined dataset are used
in the experiments to evaluate the generalization and reliability of the model.
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2. Related Works

The classification of diabetes types is among the most difficult problems that medical
professionals face, and it requires the completion of several different tests. However,
diagnosing diabetes based on the analysis of several factors at one time may lead to
erroneous results. Thus, diabetes classification is considered a challenging task. Recent
technological advancements, particularly those in the field of machine learning, have
shown themselves to be extremely advantageous for the healthcare sector. Numerous
research-based diabetes classification models have been proposed in the literature.

An artificial neural network (ANN) model was proposed by Pradhan et al. [8] in 2020 as
a method for diagnosing diabetes in individual patients. The performance of the suggested
model was evaluated with the help of the Pima Indians with Diabetes (PID) dataset. In the
preprocessing stage, data normalization was performed. After that, the ANN was trained
using the data from the training session. In the end, the performance of the model was
assessed with the use of testing data. The accuracy of the model increased to 85.09% when
it was trained with 70% of the data and tested with 30% of the data. Gupta et al. [9] used
the naive Bayes and support vector machine classification methods in 2021 for the purpose
of diagnosing diabetes. They used the Pima Indians with Diabetes dataset. In addition
to this, they improved the accuracy of the model by the use of a feature-selection-based
technique and k-fold cross-validation. The results of the experiments demonstrated that the
naive Bayes model performed worse than the support vector machine. On the other hand,
neither the attained accuracy nor the comparison to the state of the art are included in this
comparison. Barik et al. [10] referred to the Pima Indians with Diabetes dataset in their
work from 2021. The authors trained the model by utilizing eight of the total nine attributes
that are provided in the dataset, using Jupyter Notebook as an integrated development
environment (IDE). RF and XGBoost were the algorithms that were implemented. Then, the
models were trained once the hyperparameters were initially specified. The RF classifier
was able to achieve an accuracy of 71.9% after being improved. The hybrid model that was
suggested using XG boost achieved a level of accuracy of 74.1 percent. When compared to
the models that had previously been made available, the accuracy attained by the models
in question was noticeably inferior. In order to get the most out of the algorithm, the
tuning of the hyperparameters needs to be improved. A system for the prediction of
diabetes based on soft computing was presented by Kumari et al. [11] in 2021. This system
makes use of three supervised machine learning techniques that are utilized in an ensemble
fashion. In order to conduct the evaluation, they made use of the Pima Indians with
Diabetes dataset and a breast cancer dataset. They used random forest, logistic regression,
and naive Bayes, and compared their system’s performance to those of state-of-the-art
individual and ensemble techniques. Their system surpassed the competition, achieving an
accuracy rate of 79%. Using the PIDD dataset, Abdulhadi et al. [12] developed a number of
machine learning models in 2021 to predict the existence of diabetes in women. The models
described above were used to make the predictions. The authors solved the problem of
missing data by employing a method known as mean substitution, and they rescaled all of
the characteristics by employing a technique known as standardization. The models were
constructed using LR, linear discriminant analysis (LDA), support vector machines (both
linear and polynomial), and RF. According to the findings presented in the research, the RF
model was able to obtain a level of accuracy that was as high as 82%.

Khanam et al. [13] conducted research in 2021 evaluating several approaches to ma-
chine learning, with the goal of diagnosing diabetes in its early stages. A diabetes dataset
was utilized by the researchers so that they could evaluate the effectiveness of various
algorithms. Seven different machine learning methods, including support vector machine
(SVM), random forest (RF), logistic regression (LR), k-nearest neighbors (kNN), and neural
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network (NN), were utilized. On the Pima Indians with Diabetes (PID) dataset, linear
regression (LR) and support vector machine (SVM) both performed well, but a neural
network (NN) surpassed the other techniques and achieved an accuracy of 88.6%. An
end-to-end healthcare monitoring platform was presented by Ramesh et al. [14] in the year
2021. The framework was designed to manage diabetes and anticipate high-risk cases using
the Pima Indians with Diabetes dataset. They achieved an accuracy of 83.20 percent, a sen-
sitivity of 87.20 percent, and a specificity of 79 percent, respectively. In 2021, Azad et al. [15]
introduced a model PMSGD to classify diabetes. In the model that was proposed, the
synthetic minority oversampling technique (SMOTE), the genetic algorithm (GA), and DT
were utilized. The model that was proposed was built using a total of four layers. The
initial layer consisted of the performance of data preparation operations. In the second
layer, the features that worked best for training were selected. In the third layer of training,
the model was developed. In the fourth layer of the evaluation, the performance of the
model was analyzed using a variety of performance matrices. The accuracy of the model
was measured using the Pima Indians with Diabetes (PID) dataset, and the results showed
that it had an accuracy of 82.1256%.

Past studies have also expanded into machine learning and Al prediction used for the
risk assessment of diabetes. As an illustration, Lugner et al. (2024) [16] used UK Biobank
data to apply the ML techniques to find the best predictors of type 2 diabetes, which
demonstrates the potential of big-data-driven solutions in disease screening. Trends and
gaps in the application of MLs to predict T2DM have also been named in systematic studies
in the last three decades, such as changes towards ensemble and deep learning models,
as described in Zhao et al. (2025) [17]. Optimized model selection and class imbalance
management have been suggested as parts of frameworks used to enhance predictive
robustness, as outlined in Kiran et al. (2025) [18], and systematic reviews point to the
increased applicability of ML in prognosticating the transition of gestational diabetes to
type 2 diabetes, as described in Abousaber et al. (2025) [19]. Moreover, the studies on
genetic biomarkers analyzed by means of ML techniques highlight the growing breadth of
the feature-based approaches used for prediction in the study of diabetes, as described in
Khan et al. (2024) [20]. Some of the recent precedential works used in diabetic classification
have been summarized in Table 1.

Table 1. Previous works on diabetic prediction.

Ref Method Result Drawback Year
Acc =77.26%, The specificity dropped by 10.99%, while
[21] NB and clustering Spe = 89.01%, the sensitivity dropped by 2.33%, and there 2019
Sen = 53.67% was also a small number of datasets used.
It is recommended that the use of a dataset
that contains a large number of features be
[22] SVM Acc = 85.71% given some thought in order to determine 2020
whether or not feature selection plays a
vital role in enhancing accuracy during
testing.
The method has not yet been validated on
KNN, logistic patient datasets of a significant scale;
Gaussian, Naive Bayes, _ o additionally, testing of the system ought to
(23] SVM-radial basis Acc = 83.20% be conducted, along with the 2021
function incorporation of additional equipment
descriptions and patient information.
The restricted number of patients in the
MLP, SAE and CNN, _ o ) iees .
[24] SAE and MLP Acc =92.31% PIDD makes it difficult to generalize these =~ 2021

findings.
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Table 1. Cont.
Ref Method Result Drawback Year
The level of accuracy achieved by the
models was significantly lower in
[10] RE and XG boost Acc = 74.1% comparison to that which was already 2021
TR available. In order to get the most out of
the algorithm, the tuning of the
hyperparameters needs to be improved.
It has been determined that the limitations
of the research lie in the threshold selection
Acc = 90.63, Spe = 85%, as w'el.l as the hyperpzflrameter tur}ing. In
[25] TFKNN Recall = 93.18%, addltIOI’}, the uncgrtamty categorlzatlon 2022
Pre = 93.18% examines each instance on its own,
T without taking into account any global
characteristics or instances that are
regarded as difficult.
It was not possible to evaluate the
Acc = 90.91°% performance of specific classifiers using
[26] Generalized Boosted Spe _ 85‘19"/0, additional T2D datasets. The effectiveness 2022
Regression modeling kap ;_ 7'8 7700’/ of the existing system was not exhaustively
ppa =78.74% compared with the performance of
extended classifiers in this work.
Borutz:i(f)(;aiulie_ selec- Heavy dependence on Pima (small, classic
[27] Means++ + stack- Acc =98% dataset); may not generalize to real clinical 2023
ing ensemble populations.
GA-XGBoost +
Stacking Ensemble, _ o Increased computational complexity;
(28] with SHAP Ace=97.7% evaluated mainly on benchmark dataset. 2024
explainability
(ill}{]b;(/ihl/}/[ ]f{;n 2(11\6]311\81) Limited pediatric datasets; model
[29] for 15,’9 dia t1,*ic ciiabe tos Acc =99.98% generalization across populations not fully 2026
prediction validated.
Optimized XGBoost B o
[30] with Bayesian Flf‘;z((:)r_e 9_7'92567/;(, y Optimization increases training time; 2025
hyperparameter g e dataset-specific tuning required.
optimization MCC = 81.18%
. High data and computational
[31] Cori\éz?rtlli(r)lnainl\(/)[sequeep Acc =91.08% requirements; interpretability remains 2025
& limited.
[32] Supervised ML models é‘ecg f gggiojo Moderate performance compared to 2005
(LR, KNN, SVM, RF) T ensemble/boosting approaches.

Spe = 93.63%

The recent works in the literature show serious issues relating to the validation of

machine learning models in clinical practices. A systematic review by Tan et al. (2023) [33]

found that most of the current models for diabetes complications are only internally

validated and have a high probability of bias, which limits their application in clinical real-

world practice. In the same vein, a recent meta-analysis by Li et al. (2025) [34] has shown

that despite the high predictive performance of machine learning models, few studies use

external validation, and as a result, some studies tend to overestimate the effectiveness

of models. To overcome these shortcomings, in recent studies more emphasis has been

placed on sound validation strategies. Importantly, a machine learning model using real-

world clinical data was developed and externally validated by Du et al. (2025) [35], which
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emphasizes the significance of testing model generalization in applications involving
independent datasets. Moreover, Liu et al. (2025) [36] highlighted the importance of
prospective validation as the means of guaranteeing the stability and reliability of the model
in the long run. Further, recent studies have also sought better model interpretability and
clinical usability. The application of transparency in clinical decision-making was shown to
be important by Tuinte et al. (2025) [37], who suggested an interpretable machine learning
framework verified across multiple centers. Similarly, He et al. (2024) [38] applied massive
clinical and metabolomic data with external validation, which supports the necessity of
strong assessment in different populations. Although many of the early works claim
encouraging accuracy results with data sources like the Pima Indians with Diabetes dataset,
such models frequently make use only of train—test splits or internal validation. This
drawback is material, because among recent systematic reviews, Tan et al. (2023) [33]
note that this type of approach carries a high risk of bias and overfitting, decreasing
clinical reliability.

Although the development of machine learning in the prediction of diabetes has
achieved significant progress, there are major limitations. The current research is mostly
based on one dataset (Pima Indians with Diabetes) and applies internal validation methods,
which can lead to overestimation of model performance. Moreover, recent findings indicate
that the lack of external validation and insufficient analysis of training dynamics may lead
to model findings that do not generalize well to real-world clinical settings. Also, most
of the studies are concerned with accuracy, and are not concerned with other clinically
relevant measures, including sensitivity and the balance between degrees of specificity.
These shortcomings highlight the need for a robust and highly validated framework to
ensure generalization, reduce overfitting, and offer accurate clinical decision support. This
study contrasts with previous research, which tends to use only one feature-selection
algorithm or test the effectiveness on a single dataset, by focusing on hybrid feature
selection, robust ensemble-based decision-making, and multi-dataset validation. Accuracy
is the major reporting characteristic associated with most of the current methods, but in
clinical screening applications, balanced sensitivity and specificity are vital characteristics
of the study, as reported in this paper.

3. Proposed Framework

The proposed framework will offer a reliable and interpretable framework for diag-
nosing diabetes at the initial stage. As shown in Figure 1, the framework is composed
of four major steps, namely, preprocessing the data, feature selection, classification, and
performance evaluation. Preprocessing helps in ensuring the quality and consistency of
the input data, which is essential for effective model training. To improve the extraction
of relevant features and to eliminate redundancy, three established algorithms, genetic
algorithm (GA), correlation-based feature selection (CFS), and recursive feature elimination
(RFE), are used alone and in varying combinations (GA + CFS, GA + RFE, and RFE + CFS).

Three traditional machine learning models are used to classify; these are multi-layer
perceptron (MLP), support vector machine (SVM), and random forest (RF). The new ensem-
ble classifier (MSR) integrates multiple base classifiers by soft voting in order to achieve
improved predictive robustness. This results in a comprehensive framework with which
to evaluate the performance of diabetes classification in a variety of model-feature combi-
nations. By combining feature selection and ensemble learning in a unified pipeline, the
framework provides a systematic, interpretable, and generalizable approach, addressing
limitations of previous studies that focused on single classifiers or individual feature-
selection methods.
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The primary innovation of this work is the integrated approach of hybrid feature
selection and ensemble classification. Through a systematic assessment of the various FS
combinations, and using classifiers including classical classifiers and a new MSR ensemble,
the framework provides insights into the most effective combinations of feature sets and

models for reliable diabetes prediction.
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Figure 1. Overview of proposed framework.

Data splitting and cross-validation are carried out before any preprocessing steps
in order to avoid data leakage. The imputation of all missing values, oversampling,
standardization and feature selection is all done on the training folds only. Validation
folds are maintained independently at all times and do not ever undergo preprocessing or
training. This ensures a strict separation between training and validation data, and will

ensure fair performance assessment.

3.1. Dataset
Two different datasets are utilized in the training and testing of the proposed diabetic
classification model. The following sections will provide details regarding the dataset that

was utilized.

3.1.1. The Pima Indians with Diabetes Dataset

The Pima Indians with Diabetes dataset (PID) served as one of the primary research
data sources. The primary reason for utilizing the Pima Indians with Diabetes dataset is that
a majority of the world’s population now adheres to a lifestyle that is characterized by an
increased reliance on processed foods and a decrease in the amount of time spent engaging
in physical activity. Because of the high probability of developing diabetes, the National
Institute of Diabetes and Digestive and Kidney Diseases (NIDDK) has been conducting the
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PID long-term cohort study since 1965. The dataset includes several diagnostic parameters
and measurements that, when applied to the patient, make it possible to determine in
advance whether the individual is suffering from diabetes or another type of chronic
disease. PID only accepts participants who are at least 21 years old, and all participants
are female. PID consists of a total of 768 instances, of which 268 samples were found to
be diabetic and 500 samples were found to be non-diabetic [2, 6]. The patient’s history of
diabetes, their body mass index (BMI), their insulin level, their age, their blood pressure,
the thickness of their skin, and their glucose levels were the factors that had the most
impact on the accuracy of the prediction of diabetes. The Pedigree Function is included as
an output feature (Table 2).

Table 2. Description of attributes represented in the Pima Indians with Diabetes dataset and Frankfurt
Diabetes dataset.

Attributes Description Range Values
Pregnancy Pregnancy instances 0-17
Clucose Test res.ult for oral gl.ugose tolerance 0-199

in terms of milligrams
Blood pressure Diastolic blood pressure (mm Hg) 0-122
Skin Thickness Triceps skinfold thickness in (mm) 0-99
Insulin Insulin in blood (mu U/mL) 0-846
Body mass index
BMI (weight in kg/ (height in m)?) 0-67.1
Diabetes Pedigree Function = History in relatives; Genetic relation 0.078-2.42

Age Age of the patient 21-81
Outcome Positive or negative diabetes disease lor0

This study made use of a diabetic dataset obtained from (https://www.kaggle.com/
uciml/pima-indians-diabetes-database, accessed on 15 February 2025). The high preva-
lence of type 2 diabetes in the Native American Pima tribe living in the region that is now
known as central and southern Arizona is the reason why the Pima Indian dataset was
selected. Because of their genetic predispositions, this tribe has been able to sustain a
traditional way of life on a diet that is low in carbohydrates. Because of the rapid transition
from traditional crops to manufactured foods, the Pima tribe has seen an increase in the
prevalence of diabetes in recent years.

3.1.2. Frankfurt

There are 2000 records in the Frankfurt Hospital (Germany) dataset [39], and
each record has nine properties (https:/ /www.kaggle.com/johndasilva/diabetes?select=
diabetes.csv, accessed on 15 February 2025). Table 2 provides a concise summary of these
characteristics, with the ninth item serving as an indicator of whether or not the disease is
present. This item is considered the target variable, namely, the disease’s absence or pres-
ence (value of 0 or 1, respectively). Given the facts that all of the patients are females and
their ages range from 21 to 81, 32.4% of the records have a value of 1, while the remaining
67.6% of the records contain a value of 0. The first attribute, Pregnancies, represents the
number of pregnancies that have occurred, with a range that goes from 0 to 17. The Glucose
attribute is the result of the glucose tolerance test, which measures how the body transports
sugar from the blood into tissues such as muscle and fat; values range from 0 to 199. The
measurements of blood pressure, also known as arterial pressure, are the pressures that
are felt in the arteries when the heart is at rest in-between beats; the values that have been
reported for blood pressure have ranged from 0 to 122. Insulin is a hormone that helps
transport glucose, often known as blood sugar, from the bloodstream into the cells of the
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body. The readings for Insulin range anywhere from 0 to 864. The Skin-Thickness attribute
gives information about the body’s fat reserves; its possible values range from 0 to 99. The
Body Mass Index (BMI) factor provides a method that is both fast and reliable when used
to determine if a patient is obese or underweight. It was reported with values ranging from
0 to 67.1 at various points in time. The Diabetes Pedigree Function, which offers a summary
of the history of diabetes mellitus in relatives as well as the genetic relationship of those
ancestors to the subject, can take float values anywhere between 0.078 and 2.42.

3.2. Data Preprocessing

Data preprocessing is accomplished through the execution of a series of sub-operations,
each of which comprises many processes that can be performed on datasets in preparation
for analysis and modeling. Preparation of the data has always been regarded as the single
most important stage in any data-driven analysis. Preprocessing deals with understanding
the data, developing a better understanding through the visualization of different aspects
of it, and preprocessing data also takes care of problems such as redundant and imbalanced
data, highly correlated and low variance attributes in the dataset, missing values, and
outliers in the dataset [40]. The dataset that was utilized is referred to as “messy,” which
means that it contains both missing and erroneous data. For this reason, the primary focus
was placed on data wrangling and cleaning. Following the completion of the preprocessing
step, it was discovered that the dataset includes a significant number of missing values, as
well as outliers, and that the values of the attributes are not normalized. In this work, the
approach used for preprocessing the data consisted of data cleaning, data imputation, data
balancing, and the normalization of the data. Inconsistencies and noise, also known as the
determinations of improper data, were removed throughout the process of cleaning the data.
For the purpose of data imputation, the missForest method was utilized. After that, the
SMOTE and ADASYN techniques were employed to solve the problem of imbalanced data
by generating synthetic samples from minority group samples and their neighbors’ samples.
This allowed the problem to be resolved. As a result, the information normalization
methodology was applied to the process of converting all of the variable values into a
specific range in order to obtain robust links between them.

3.2.1. Data Cleaning

Data cleaning is the first step in the preprocessing stage, and it involves eliminating
records and attributes that are not necessary for the present analysis. The dataset contains a
number of categorical attributes that require removal for reasons related to privacy and data
relevance [41]. In addition, the dataset lacks values for some patients’ diabetes types, which
is important information for this study because we investigated diabetes complications in
diabetic patients. These missing values pose a problem because the dataset is relied upon
for this important information. As a result, all instances that were affected by this issue
were eliminated.

3.2.2. Missing Data Value Imputing

When training classifiers, dealing with missing values is critical because the majority
of the existing machine learning techniques cannot be used with data that contain missing
values. Only the nationality variable in our dataset contains categorical values, and it is this
attribute that caused these kinds of problems. The dataset contained missing values that
were missing at random. When data are missing at random, it signifies that the propensity
for an instance to be missing is tied to the data that is present in the dataset rather than
the data that is missing. Therefore, it is possible to predict the missing value for a variable
based on the values of the other variables. For instance, HbAlc values that are missing may
be lower or greater than what they would have been if they had been truly measured. This
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is due to the fact that HbAlc depends on age, duration of T2DM, fasting plasma glucose,
and a few other values as well. The existence of missing values in a dataset results in the
elimination of a sizeable quantity of the data’s associated information. To have a deeper
understanding of the data at hand, it is necessary to impute the values of any missing
data using the appropriate computational procedures. Some straightforward approaches
to imputations include the replacement of values with the value zero, the elimination of
complete instances, the utilization of mean imputation and KNN [41,42].

Mean imputation is a statistical method that, in its most basic form, replaces any miss-
ing value in an attribute with the average of the observational data for that characteristic
in other records or cases. Mean imputation has a number of potential downsides, one
of which is that it can produce biased findings. In addition, KNN imputation has a few
drawbacks, including that it is vulnerable to outliers due to its utilization of the Euclidean
distance below the surface, and it is unable to be implemented for categorical variables
since it requires a few forms of transformation to numeric values. Therefore, employing
these procedures is not appropriate in this context, as these techniques are considered
inefficient for this dataset

MissForest is an imputation technique based on machine learning. In order to com-
plete the task, it makes use of a random forest algorithm. Because it follows an iterative
approach, each time through the process, the predictions that are generated become more
accurate. Iteratively applying random forest models, this approach fills in missing data
using imputation techniques. The initial step of this technique is to choose the attribute that
has the fewest missing values. After the selection has been made, the mean of the candidate
column is used to fill in any missing values in the candidate column. Additionally, the
candidate column is then fitted to a random forest technique and considered as the output,
while other columns in the dataset are considered as inputs to the technique. This is done in
contrast to the first step, in which the candidate column was treated as the output. Imputing
missing rows for the candidate column, utilizing prediction from the fitted random forest,
is done after the random forest technique has been trained. Continuing in this manner will
ensure that all other columns in the dataset have been covered. The fact that this technique
does not need considerable data processing is the main advantage of using it. A random
forest technique can identify which features are significant. Therefore, it can identify which
features are most significant. In addition, it does not need any adjusting, unlike the k-nearest
neighbors algorithm. Last but not least, random forest is capable of dealing with categorical
data types, despite the fact that it does not care about them. A description of the missForest
approach can be obtained by referring to pseudo-Algorithm 1 [43].

The variation between the newly imputed data matrix and the former one increases
for the first time with regard to both variable kinds; if both types of variables are available,
the stopping criterion 7 is satisfied. The difference between the two sets of continuous
variables, Z, is defined as follows:

; PoN2
_ ZjEZ (A;zew - Aéld)

vz (1)
. \2
Z]’EZ (A;lew)
and for the set of categorical variables Y it is defined as
A Z : .
v Ljey Yi1Lai,,2ai,, ®
#ZA

where #ZA is the number of missing values in the categorical variables.
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Algorithm 1: Impute missing values.

Require: A with a matrix of a x b, stopping criterion 7y

Step 1. Make an educated approximation about the values that are missing.
Step 2. z <— a vector containing the sorted indices of each column in A, w.r.t. increasing
number of values that are missing;

Step 3. while noty do

Step 4. Al < storing a matrix that was originally imputed;

Step 5. for kin z do k) (k)

Step 6. Construct a random forest: nyps ~ Mgps;

Step 7. Predict n®) using m®);

Step 8. A’ < update imputed matrix, using predicted n*);

Step 9. end for

Step 10. update 1.

Step 11. end while

Step 12. return the imputed matrix A’

3.2.3. Imbalanced Data Oversampling

The data is considered to be imbalanced when the classes do not have a proportional
distribution. A majority of real-world datasets exhibit an imbalance in their data, in which
normal data has a significantly higher frequency of occurrence in comparison with abnormal
samples. In general, classifiers applied to these datasets may suffer from overfitting or under-
fitting. In addition to random sampling with replacement, there are two common methods
that are used to oversample minority classes, including the Synthetic Minority Oversampling
Technique (SMOTE) and the Adaptive Synthetic (ADASYN) sampling method [44].

The SMOTE method is an oversampling method that involves the generation of
synthetic samples for the underrepresented group. The overfitting problem caused by
random oversampling can be solved with the help of this approach. It focuses on the feature
space in order to produce new examples with the assistance of interpolations between the
positive instances that lie together in close proximity. First, N, the total number of synthetic
observations generated through oversampling, is specified. In most cases, it is chosen
in such a way that the binary class distribution is 1:1. However, this could be adjusted
according to the requirements. The next step in the process is to initiate the repetition by
randomly selecting a minority class instance. After that, the KNNs for that instance are
retrieved; the default value is 5. Finally, N samples are selected from these K neighbors
to serve as interpolation points for generating new synthetic instances. To accomplish
this, the difference in feature space between the selected instance and its neighbors is
computed using an appropriate distance metric. Then, this difference is multiplied by any
random number between 0 and 1, and the result is added to the first feature vector. This
oversampling procedure is performed using Algorithm 2, the SMOTE algorithm.

ADASYN operates in a manner that is similar to SMOTE in that it produces synthetic
observations for the minority class. However, it is based on adaptively generating addi-
tional samples for instances that are more difficult to learn, compared to those that are
easier for the model. Similar to SMOTE, ADASYN produces synthetic observations in
a single direction between a minority class observation and its k-nearest minority class
neighbors. This line connects the minority class observations to the other minority class
neighbors. The same number of k-nearest neighbors, 5, is selected for use with SMOTE. On
the other hand, ADASYN produces a greater number of synthetic observations for minority
class observations that contain a greater number of majority class observations within the
region encompassing the k-nearest neighbors. In contrast, when a minority observation
does not contain any majority observations within the scope of its k-nearest neighbors, no
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synthetic observations will be produced for this observation. This is because the majority
of observations are required for the generation of synthetic observations. The justification
for this can be found in the fact that learning from these observations is more difficult than
learning from minority observations that are very different from the majority observations.
This oversampling procedure is performed using ADASYN, Algorithm 3.

Algorithm 2: SMOTE

Require: Select values for x and y, where x and y, respectively, stand for the number of
synthetic observations and the number of neighbors with the closest distance.

Step 1. Let us designate by Z, the observations that belong to the minority class, with
B =1 through m,,, and let us denote by R the set of all Z,, such that R > Z,. For every Z,.
Step 2. In order to determine Z, of k-nearest neighbors, it must first compute the
Euclidean distance that separates it from every other element in R.

Step 3. Let N, represent the set of the k-nearest neighbors of Z,.

Step 4. Take a randomized sample of Y synthetic observations, abbreviated Z;,, from
Ny with replacement. The b value ranges from 1 to Y.

Step 5. Let us use the symbol A to signify a number between 0 and 1. To make a
synthetic observation using the formula Z, = Z, + A (Z, — Z,), first draw a A uniform
based on a given Z,.

Step 6. The previous step should then be executed for every Z,;. The difference vector
in a space with a-dimension of an is denoted by the notation (Z, — Z,,), where a
denotes the total number of variables present in the data.

Algorithm 3: ADASYN

Require: Choose the values g and 8, which represent the number of nearest neighbors
and the amount of class balance that should be desired after the synthetic data is
generated. Consequently

Step 1. The observation of majority and minority classes are represented by g, and gy,
respectively. R = (g, — g») X B.

Step 2. F, where n starts from 1 to g5, which represent the category of minority
observation, also a set of wholes F, is represented by L, and L > F, for each F;.

Step 3. In order to determine F,; of k-nearest neighbors, first it should compute the
Euclidean distance that separates it from every other element in L.

Step 4. k-nearest neighbor’s set of F; is represented by G;.

Step 5. Define A, as the observations number in the region bounded by F, of k-nearest
neighbors that are members of the class that constitutes the majority. The ratio of S, can
be computed as: S, = %, wheren =1, ..., gp.

Step 6. S, can be normalized based on the S, = % ;thus, S, is considered as a
probability n =1 (¥, 51 = 1).

Step 7. This is the number of observations that must be generated synthetically for
every F,; it can be computed as P, = §a X R.

Step 8. Take a random instance of P, synthetic observations from G;; and designate
them with the notation F;;;, where m can range from 1 to P,,.

Step 9. Let us use the symbol A to signify a number between 0 and 1. Generate a
synthetic observation for a given Fy;; using the formula w; = w; + A (w;— Fym), where it
is drawn in the same way for each w;. This will provide the synthetic observation. In
this case, the difference vector in n-dimensional space is denoted by the expression

(w; — Fum), where n refers to the total number of variables present in the data. If 8
equals 1, then the approach will result in the dataset being perfectly balanced overall.
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The effectiveness of the oversampling approaches known as SMOTE and ADASYN
is analyzed and contrasted. A comparison is presented between the original dataset and
the resampling dataset, using the SMOTE and ADASYN techniques. The comparison is
carried out utilizing the Pima Indians with Diabetes dataset, three distinct classification
models, and five distinct evaluation metrics, while utilizing three distinct preprocessing
techniques for the data. To prevent data leakage, SMOTE and ADASYN were applied only
to the training sets within each cross-validation fold, and the testing sets were not altered.
According to the findings, the efficiency of the classifiers in the majority of instances is
improved by using SMOTE and ADASYN. It was discovered that SVM, when combined
with SMOTE, performed significantly better than ADASYN when the degree of class
imbalance was increased. In addition, the SMOTE and ADASYN algorithms also have the
effect of improving the relative performance of the random forest as the degree of class
imbalance increases. Nevertheless, because the degree of class imbalance might vary from
situation to situation, there is no preprocessing solution that reliably outperforms the others
and contributes more to improved performance.

3.2.4. Data Standardization (Feature Scaling)

As indicated previously, the majority of the available attributes in the Pima Indians
with Diabetes and Frankfurt datasets are numerical. In addition, several of these character-
istics were recorded using different measurement units. The effectiveness of the models
could be negatively impacted if such features were processed without any normaliza-
tion [45]. As a result, normalization is required in order to rescale all numeric attributes
so that they fall into a range between zero and one. The process of rescaling features
to achieve a standard normal distribution with zero mean and unit variance is known
as standardization, which can also be expressed as Z-score normalization. As shown in
Equation (3), the standardization process (R) also helps to ensure that the data distribution
is less skewed.

z=E ©)

where x represents the original feature value, u is the mean of the feature, and ¢ is the
standard deviation. On the other hand, many machine learning techniques, such as tree-
based models, are undoubtedly examples of models for which feature standardization does
not necessarily lead to substantial performance improvement.

3.3. Framework Training

This comprises the separation of the training sets from the test sets, the selection of
the model to be used and the selection of the performance metrics to be used. After the
preprocessing, the dataset is sufficiently prepared to be categorized in the next step. This
step is followed by a feature-selection step based on the use of different techniques. The
next step is to build models based on the training of different classification methods. Each
technique has been trained using a prepared dataset-based preprocessing step. Therefore,
this model includes the splitting of the dataset into training and testing, the selection of the
most-relevant features, the selection of appropriate classifiers to apply to the dataset, and
performance evaluation using cross-validation.

3.3.1. Cross-Validation

Overfitting and underfitting are two of the most common challenges encountered in
machine learning models. Overfitting occurs when a model learns the training data too
well, resulting in a very low or zero training error. In this case, the model captures not only
the underlying patterns but also the noise and variations present in the data. However,
when the model is evaluated on unseen data, it fails to produce accurate predictions due
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to poor generalization. This occurs because the model has been overly tailored to the
training data rather than the learning of generalizable patterns. The opposite of overfitting
is underfitting, in which the model is unable to capture the underlying structure of either
the training data or unseen data. Cross-validation is the solution that can help solve these
problems. This step involves separating the data into two distinct sets: the training set,
which is utilized for the purpose of model training; and the test set, which is utilized for the
purpose of validating the model. It is possible to determine whether a model is overfitted
by evaluating it on the test set, which contains data that has not been used during training.

Figure 2 provides a visual representation of the 5-fold cross-validation method used
in this research. K-fold cross-validation is a technique that is frequently utilized for model
selection, error assessment of classifiers, and dataset partitioning. The dataset is split up
into five different folds, and K—1 folds are used for training and the fine-tuning of the hyper-
parameters in the inner loop, which is where the grid search method is implemented [46].
The assessment of the model is performed using the test data along with the optimal
hyperparameter values during the k-th iteration of the outer loop. The raw dataset has
an imbalanced class distribution of negative to positive samples; a stratified k-fold cross-
validation (KCV) approach is applied to preserve the same percentage of samples belonging
to each class as it was originally. The estimation of the overall performance is accomplished
using Equation (6):

1 Lt (ym — y~)?
o R e Bl @
where X is identified as the overall evaluation metric for the classifier, and y,, € Rm =1, 2,
3, ... N is the performance metric for each fold in the classification process.
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Figure 2. Hyperparameter tuning and training for a diabetic dataset based on KCV [47].

3.3.2. Feature Selection

The process of selecting features is referred to as “variable selection” in the field of
machine learning. It is used to select the relevant features that will be utilized in a system
that is based on ML. It is important to choose the most relevant subset of predictors for
a number of reasons, including the following: to run the ML-based system effectively
and analyze the results; to prevent the curse of dimensionality; to reduce computational
complexity and time; to decrease the amount of overfitting; and to enhance classification
performance [3]. Our datasets contain a large number of features; if all of these features are
used in training, the processing time and prediction complexity will increase. In addition,
issues such as redundant features, irrelevant features, and the existence of a significant
disparity among features can be addressed. In order to tackle all of these issues, a variety
of methods are utilized in order to acquire a subset of the characteristics that are the most
relevant to prediction difficulties [40].

Despite the large variety of available feature selection, oversampling, and boosting
algorithms, the most representative and popular ones are used in the study, namely, GA,
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CFS, and RFE in feature selection; SMOTE in oversampling; and a soft-voting ensemble
in boosting, to ensure that computational efficiency and interpretability are maintained.
These selections are motivated by the demonstrated effectiveness of these algorithms in
clinical data analysis and their ability to be integrated into the proposed hybrid model.
The choice of these techniques was also aimed at achieving a balance between diversity of
method and experimental transparency that would make it possible to control the effects of
individuals and combined effects on predictive performance. In particular, the GA, CFS
and RFE wrapper- and filter-based approaches provide complementary perspectives on
feature relevance and optimization. Oversampling was used to balance the classes in the
diabetes datasets, reducing bias for the majority of the dataset, although the dataset integrity
functioned to preserve the integrity. This research systematically combined established and
known methods to investigate their impact on predictive accuracy instead of considering
all possible algorithms.

e  Genetic Algorithm

The genetic algorithm is utilized in this research for the purpose of feature selection.
A stochastic feature-selection approach is adopted because exhaustive search techniques
are computationally expensive when applied to large sets of features. The population of
candidate solutions is initialized by the algorithms; after this selection, crossover, mutation,
and termination are carried out. The selection procedure is based on the concept of survival
of the fittest. The formula for calculating the fitness function [48] is as follows:

fitness if indivitual F(x)
sumof fitness of all indivituals F(X)

Fitness F(i) = (5)

Reproduction and genetic modification are the primary activities involved in the GA
process. We utilized a single-point crossover method. To perform mutation, a bit value
is randomly altered within the range of 1 to 7. Tournament selection was used because
it provides a good balance between selection pressure and population diversity when
selecting the individual who will become their offspring. The GA parameters were set
in this study as follows: crossover rate of 0.85, mutation rate of 0.05, population size
of 150, and number of iterations of 500. Algorithm 4 illustrates the process of GA for
feature selection.

Algorithm 4: GAFS

Step 1. Initialize: x equals to 0, the population individuals denoted as N(x).

Step 2. Determine each individual’s fitness function within the population N(x).
Step 3. While there is a failure to meet the termination criterion.

Step 4. Repeat x = x + 1.

Step 5. Individuals with a superior fitness level should be chosen based Selection.
Step 6. Hybridization of the parent organisms to create new individuals-based
Crossover.

Step 7. Bit-flipping and other forms of transformation are made based Mutation.
Step 8. Terminate the loops.

Step 9. Return the healthiest members of the population as a whole.

° Correlation-based Feature Selection

By computing the inter-correlation values among various features, correlation-based
feature selection determines the relevance of those features individually. In this approach,
highly correlated and irrelevant features are eliminated to identify the features that are of
the utmost importance. In addition, a variety of search techniques, such as the best-first
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search (BFS), the evolutionary search (ES), and other similar techniques, are utilized in
conjunction with the correlation-based feature selection in order to explore important
features [26]. Algorithm 5 illustrates the process of the CFS method.

Algorithm 5: CFS

Input: The initial m-dimensional data, denoted by p € w™, and the anticipated result,
denoted by p € g.
Output: The data with a reduced number of n-dimensions, g € w".
Step 1. While g less than or equal to m repeat:
LUy Ug) (V,~ V)
\/Z(ugf ug )’ x,\/z(vf v )

Step 3. In order to select the first k features for the g € w" relationship, sort the

Step 2. xgy =

correlation, xgy, by decreasing order.

° Recursive Feature Elimination (RFE)

The model operates within the framework of the wrapper technique to make certain
that the most-relevant features are obtained as part of the data processing stage. Conse-
quently, making use of this model is essential in order to detect features included within
large or small datasets. RFE is a process that selects features based on the performance
of the model. The metric evaluates the ability of individual features to differentiate one
another. During each iteration, a ranking score is computed, and features with low impor-
tance are removed from consideration. The iterative technique is carried out in a loop until
the required number of characteristics has been determined [40]. Obtaining feature weights
that accurately reflect the relative significance of each feature is possible after a classifier
has been trained with a training dataset. When all of the features are ranked according
to their respective weight values, the one that is eliminated is the one that has the lowest
weight value. The classifier is then retrained with the features that are still available until
the desired subset of features is achieved. In conclusion, the overall ranking of the features
can be determined by utilizing the RFE technique, which is based on the importance of the
features [49].

3.3.3. Classification-Based Machine Learning

The process through which a computing system learns the features of input data is
referred to as machine learning. These approaches have been demonstrated to be successful
in the diagnosis of diabetes. There are various types of machine learning algorithms,
including supervised, unsupervised, and reinforcement learning techniques [4]. Because
machine learning methods are data-driven, they have numerous practical applications.
Because of the enormous volumes of data that are being entered into the database, machine
learning has the potential to significantly reduce the amount of work performed by humans.
These data are used to train models, which are then used to generate the output that is most
appropriate given the input data. The models can be trained on any attainable parameter,
taking into account both practical considerations and medical requirements. Some methods
examine patients based on facial features, while others might examine the data gathered
from clinical reports such as blood tests. Due to the existence of several symptoms of the
disease, the criteria can vary significantly. Researchers have investigated many different
algorithms and tuned numerous hyperparameters in order to produce the findings that
appear to be most suitable for real-world applications.

e  Multi-layer Perceptron (MLP)
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A neural network is composed of processing units that are referred to as neurons, and
each neuron is interconnected to other neurons in the network through weighted unidirec-
tional connections. The MLP used in this study comprises multiple hidden input layers,
and an output layer. The perceptron, which may be thought of as a linear combination of
input and weights, serves as the fundamental component of this model. This work employs
the ReLU activation function in the hidden layers and a sigmoid function in the output
layer. Because there are eight variables involved, the input layer of the MLP architecture
contains eight neurons. The intermediate layer is the hidden layer, and it is where the
weights and input are responsible for the computation, utilizing a ReLU unit. The output
layer is where the final prediction results are produced at the end [50]. Any layer of the
MLP takes a D-dimensional input vector and produces an N-dimensional output vector,
denoted by the function f(x): RD — RN. The end product of each processing unit can be
represented mathematically, as in Equation (6).

f(x) = @(Zj wixj + b) (6)

where xj and wj are indicate the input and weights, respectively. Bias to the neuron is
represented by ® and the nonlinear activation function is represented by b.

Backpropagation is utilized to adjust the weights in order to reduce the error that
occurs during class label prediction. During the training process, the parameters of the
neurons are updated according to the formula in Equation (7), using back-propagation in
order to reduce the amount of error, which is calculated as vy = ytrue — youtput.

Wiew = Wold + nxy (7)

where 1 denotes the learning rate, which is the rate at which the weights are updated while
the training is being done. Nevertheless, estimations of the number of hidden layers and
neurons at each hidden layer are highly dependent on the dataset. The greater the number
of layers and neurons, the greater the number of parameters, an increase which does not
necessarily guarantee improved performance. In addition, the training dataset requires
a proportionally larger number of samples as the number of parameters increases. The
input data from the input layer is processed through the hidden layers using the initialized
input values and weights. Each unit in the middle layer, which is referred to as the hidden
layer, receives the net input, applies the activation function known as the ReLU activation
function, and then turns the enormous amount of data into a more manageable range
between 0 and 1. The calculation can be carried out for each of the middle layers. On the
output layer a sigmoid activation function is applied, which ultimately results in the final
output that contributes to the prediction associated with the diagnosis of diabetes.

The hyperparameters in this work, including the number of hidden layers, neurons
in each layer, activation function, neuron initializer, batch size, learning rate, number of
epochs, dropout rate, loss function and optimizer, are not hard-coded. They are instead
optimized using a grid search approach to achieve optimal model performance on the
provided dataset.

° SVM

A separating hyperplane serves as the formal definition of SVM, which is a non-
probabilistic classification method. Based on the information that has been collected, the
method generates and maximizes the margin from the support vectors in a supervised
learning setting. The purpose of the SVM is to determine the optimal decision boundary in
dividing an n-dimensional space into classes. This will allow new data points to be classified
accurately. “Hyperplane” is the term used to describe this optimal decision boundary [51].
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The SVM identifies the hyperplane that can most effectively differentiate between the two
classes of instances. In two-dimensional space, this hyperplane can be interpreted as a
line that divides the plane into two distinct categories. On the basis of the distance that
exists between the two classes that it differentiates, it is possible to choose, from among
the several hyperplanes, the one that is the best. The hyperplane that has the maximum
margin between the two classes is referred to as the maximum-margin hyperplane. The
key hyperparameters of the SVM classifier are the epsilon & parameter, the regularization
parameter, and the kernel parameter, while ¢ is typically associated with regression variants
of SVM [39].
The data point of n can be defined as

(671/ b1>/ ey (;x/ blx) 8)

while a1 is the real vector, and b1, which can be either 1 or —1, represents the class to which
al corresponds. It is possible to design a hyperplane in such a way as to maximize the
distance between the two classes b = 1 and b = —1, which is described as the following:

; d—z=0 )
where a normal vector is represented by ]7 and the offset of the hyper-plane with ? is
indicated by ﬁ

Y

The objective is to determine the hyperplane that provides the most effective division
of the class. To evaluate which hyperplane is superior, the margin should be calculated,
which is the distance that separates the planes from the data. A smaller margin increases
the probability of misclassification, whereas a larger margin improves the model’s general-
ization ability. Therefore, the optimal hyperplane is the one that maximizes the margin. The
margin is defined as the distance between the support vector of the positive and negative
point, measured relative to the decision boundary.

° Random Forest

RF is one of the most widely used ensemble classification methods. It is composed of
a large number of independent decision tree classifiers, in which each branch of the tree
contributes a vote for the final prediction on test samples based on a predetermined set of
criteria. This procedure can be described in the following manner [3,39]. The bootstrap
method is a resampling technique used to extract certain samples from the training set to
use as a training subset. After that, a certain quantity of features from the feature set for the
training subset are selected at random to serve as the foundation for splitting each node of
the decision tree. These steps will be repeated to generate multiple training subsets and
corresponding decision trees, which will subsequently be combined in order to construct a
random forest. During testing, the input samples are passed through the random forest,
and then each decision tree produces a classification outcome. The final prediction is
obtained through a majority voting mechanism in which the class receiving the highest
number of votes is selected. This procedure is carried out on all test samples until the test
set has been classified.

3.4. Model Diagnosis

The classification and prediction of diabetic disease are the primary goals of the
proposed method. Figure 1 provides a high-level overview of the various ML-based
systems presented in this study. Figure 3 depicts the training—test set paradigm commonly
used in machine learning systems. The first step is to split the dataset up into two different
subsets, namely the training set and the test set. The diagnosis of diabetes is carried
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out based on the outputs of the trained learning model. To achieve this, the dataset was
initially gathered and integrated and then processed for further analysis. Second, different
techniques were utilized for data preprocessing. Subsequently, feature-selection methods,
including correlation, RFE, and GA, were employed to reduce the number of features.
Finally, several classification algorithms for diabetes were employed.

Training data —» Apply différent ML Built a classifier-based voting
classifiers
MLP v
1 SVM > Trained models
RF

Classifier based voting

A 4

Diagnosed diabetic
data

v

A 4

Testing data Diagnosis using trained models

Figure 3. Training and testing model for diabetic diagnosis. The arrows indicate the flow of data
through the different stages of the proposed model, from input data processing to classification and
final prediction.

The MLP, SVM, and RF algorithms are used for this purpose. The proposed MSR
framework is designed by combining three classifiers to reduce prediction variance and
enhance stability by aggregating probabilistic outputs from multiple classifiers using soft
voting, rather than relying on a single decision boundary. The parameters of the machine
learning algorithms trained on the diabetic dataset are presented in Table 3. In addition,
a voting-based ensemble classifier has been developed by combining the outputs of the
individual base classifiers. Since it incorporates the findings from multiple models, the
voting classifier generally produces more robust, and on average, more accurate, results
relative to the individual models. SVM, MLP, and RF classifiers generate an independent
prediction, which is then aggregated using a voting mechanism. The final prediction
is obtained through majority voting. Figure 2 provides a visual representation of the
proposed algorithm.

The hyperparameters presented in Table 3 were used to train each model indepen-
dently. In the case of ensemble predictions, because of the need to make predictions for
each class, the class probabilities of all the classifiers were employed. No additional proba-
bility calibration was applied, since all base models normally give reasonably calibrated
probabilities. The voting weights were determined empirically using cross-validation on
the training set; classifiers with better performance were assigned slightly higher weights.
In the case where the differences in performance were insignificant, equal weights were
used instead. This approach enables MSR to capitalize on the complementary advantages
of the base models and enhance general predictive performance.

All experiments for the different categorization approaches were conducted. The
dataset was divided into two subsets: training and testing. The models were trained
using a 5-fold cross-validation scheme, which also had been incorporated into the training
and testing phases of the process. All the preprocessing steps (imputation, oversampling,
standardization and feature selection) were applied only to the training data within each
cross-validation fold and then subsequently applied to the corresponding test data.

The hyperparameters shown in Table 3 were selected using a grid search over a pre-
defined parameter space to achieve optimal model performance. For the MLP classifier,
we tested the size of hidden layers [16, 32, 64], the learning rate [0.001, 0.01, 0.1], the
alpha [1 x 1075,1 x 1074, 1 x 1073], and momentum [0.1, 0.2, 0.5]. For the SVM clas-
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sifier, the penalty C [0.1, 1, 10], gamma ['scale’, ‘auto’] and kernels [RBF, linear] were
tried. In the case of the random forest classifier, the following parameters were tested:
estimators [100, 200, 300], min-samples-split [2, 5, 10] and criterion [gini, entropy]. Feature
selection was performed independently within each cross-validation fold using recursive
feature elimination (RFE), based only on the training data. This procedure ensures that
no information leakage occurs from the test set and enables an unbiased evaluation of
model performance.

Table 3. Hyperparameters of the models used based on the classifiers.

Model Parameters Value
Solver for Optimum Weight Adam
Activation (Hidden Layers) ReLU
Activation (Output Layer) Sigmoid
Alpha 1x1074
Early Stopping True
MLP Number of Iterations 500
Learning Rate Init 0.01
Momentum 0.2
Hidden Layers Sizes 32,16
Batch Size 32
Kernel RBF
Penalty Parameter C 1
Class-weight balanced
SVM Gamma Scale
Cache size 200
Decision Function Shape Ovr
Tolerance 1x1073
Number of estimators 200
RF Criterion Entropy
Bootstrap True
Min-samples-split 2-5
Class-weight balanced

Third, all training, prediction, and evaluation process are conducted in an iterative
manner to establish all relevant performance measurements for each classifier. For each
classifier under the cross-validation strategy, the arithmetic mean of each accuracy number
is calculated. The classifiers are then ranked based on their accuracy values for each
classifier, which are arranged in descending order. The final step is to determine the
candidate classifier, which is used to diagnose diabetes patients based on the ranks of all
classifiers. The candidate model will then be proposed for a particular diabetic diagnosis
task when this step is complete. Finally, the effectiveness of the classifiers is assessed using
six performance metrics, namely ACC, SE, PPV, NPV, FM, and AUC.

3.5. Data Leakage Control and Evaluation Integrity

To avoid information leakage and to maintain the validity of the reported perfor-
mance, all data-dependent operations, such as imputation of missing values, over-sampling
(SMOTE), feature scaling and feature selection were strictly performed within each training
fold during cross-validation.

In particular, preprocessing and feature-selection models were trained only on the
training subsets, and the learned transformations were applied on the respective validation
subset. No validation or test samples were used at any point in preprocessing, feature
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selection or model training. This fold-wise preprocessing strategy guarantees that there
is no overlap between the training and evaluation data and that no information leakage
occurs. The strong classification performance observed in this study is attributed to the
combination of hybrid feature selection, class imbalance handling, and ensemble learning,
rather than any data leakage.

Even though the performance is high, the results were obtained with the help of strict
cross-validation using leakage-free preprocessing. As a result, the results are to be used as
the demonstration of methodological effectiveness when within the conditions of controlled
evaluation, not as ultimate signs of clinical deployment performance.

To further address overfitting concerns arising from the multi-component framework,
the contribution of each component (imputation, oversampling, feature selection, and
ensemble learning) was analyzed in terms of the training—validation performance gap
across cross-validation folds. The training and validation metrics were continuously
monitored to ensure that there was no significant deviation during model development.
The proposed MSR framework was designed to enhance generalization by combining the
predictions of multiple base classifiers and thus causes reductions in variance and the
effects of the possible overfitting of individual models. Experimental results demonstrate
that the proposed ensemble achieves a more consistent and stable performance than those
of the individual classifiers, indicating better generalization ability, rather than a simple
averaging of overfitted models.

3.6. Additional Validation and Robustness Analysis

In an additional attempt to mitigate the risks of overfitting and over-optimistic per-
formance, further validation experiments were conducted. Specifically, repeated stratified
k-fold cross-validation was employed to test the proposed model, ensuring robustness
across different data partitions. In addition, the consistency of the performance was mea-
sured by evaluating the differences in evaluation metrics across the folds. The low variance
observed in accuracy, sensitivity, and AUC values indicates that the model performance is
not sensitive to a particular data split. Furthermore, the ROC curves were generated using
predictions which were obtained only from unseen validation folds, while no training
data were used for their computation. The high values for AUC demonstrate high class
separability due to the selected feature subsets, rather than data leakage or memorization.

To further validate the generalization capability, the performance of the model was
also compared with the variations in feature-selection combinations and classifiers. The
consistent ranking of classifiers across all configurations indicates that the observed per-
formance is not dependent on a specific preprocessing pipeline, but rather reflects the
inherent discriminative capability of the model. Lastly, it is admitted that the assessment
was performed using benchmark datasets, and despite the high level of cross-validation
processes, external validation using independent datasets is recommended for future work
in order to provide more evidence regarding the applicability of the suggested method.

4. Experimental Results

The purpose of this section is to evaluate the efficacy of both the proposed model and
the state-of-the-art approaches. During the development of the proposed model, multiple
phases were performed to improve the effectiveness of the proposed model, and three ML
approaches, namely, MLP, SVM, and RF, were trained and evaluated. The 5-fold cross-
validation was used to obtain all the reported results and performance met-metrics are the
average of folds. All experiments were conducted on the Python 3.7 development platform
using a workstation with the following specifications: a computer system equipped with a
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13th Gen Intel® Core™ i7-1355U processor (Intel Corporation, Santa Clara, CA, USA) and
32 GB RAM, running a 64-bit operating system.

The time and space complexity of the proposed pipeline was tested using the Pima
Indians with Diabetes, Frankfurt, and combined datasets. The preprocessing stage was com-
putationally efficient, requiring less than 30 s for the largest dataset. In contrast, GA-based
feature selection was the most computationally expensive step, requiring approximately
800-1000 s on the combined dataset. RFE and CFS were quicker, and hybrid combinations
required longer execution times due to sequential processing. Classifier training and the
proposed ensemble of MSR introduced moderate computational overhead (100-150 s),
whereas inference was highly efficient, taking less than 5 s. The highest memory consump-
tion was dependent on dataset size, peaking at around 1.5 GB for the combined dataset
in ensemble training. Those findings indicate that the framework is both computationally
efficient and scalable, as well as the fact that it has high predictive performance (98.0%
accuracy, 97.43% sensitivity, 99.03% specificity, 99.51% precision, and 98.72% F1-score).

The assessment plan is based upon a rigorous two-step validation plan to ensure
unbiased performance estimation. First, the data is divided into independent training and
test subsets, where the test set remains completely unseen during model development.
Second, 5-fold cross-validation is applied only within the training set, hyperparameter
optimization, feature selection, and model selection. All preprocessing operations are
performed exclusively on the training folds.

Once the model has been selected, the final trained model is tested on an independent
test set that has not been used at any stage of training, validation, preprocessing, or model
selection. All performance metrics reported in this study rely on the test on this untouched
test set, ensuring unbiased and reproducible performance evaluation.

The efficacy of the generated models has been evaluated consistently using several
assessment metrics, including accuracy, sensitivity, specificity, and precision, as well as the
Fl-score. Accuracy refers to the proportion of correctly predicted instances relative to the
total number of instances in the testing phase. The term sensitivity provides information
regarding the percentage of “true positives” that are accurately classified when the test is
being performed. The percentage of true negatives that are accurately identified by the
test is indicated by the parameter known as specificity. The percentage of occurrences that
a classifier has categorized as positive in comparison to the overall number of positive
predictions is referred to as the precision. The Fl-score provides an indication of the
harmonic mean of precision and recall [45].

(TP + TN)

Acc = (TP & TN + P + FN) x 100% (10)
Sens = (TPTi—PFl\I) x 100% (11)

Spec = (Tl\;r—iI?IFP) x 100% (12)

Pre = (”I“I’TEFP) x 100% (13)
Fl-score = 2 x TP % 100% (14)

(2 x TP + FN + FP)

If the actual value of the target in the dataset is true and the classifier correctly predicts
that it will be true, then the prediction is a true positive (TP). On the other hand, if the
classifier predicts it as negative, then the prediction will be a false negative (FN). Similarly, if
the actual value of the target is false and the classifier predicts it as such, then the prediction
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is true negative (TN). On the other hand, if the classifier determines that it will be true, then
the prediction will be false positive (FP).

4.1. Performance Evaluation-Based Oversampling Methods

The summary of both datasets is presented in Table 4. Because number of negative
instances is higher than the number of positive instances, as shown in Table 4, there is an
imbalance between the classes. This is because there are more negative values than positive
ones. To address this issue, different oversampling techniques have been carried out; rather
than focusing solely on accuracy, other evaluation metrics are also considered, such as
precision, specificity, sensitivity, and F1 score. Because both sets of data consist of female
patients, the number of pregnancies is one of the important characteristics. Furthermore,
to determine whether or not a patient has diabetes, three machine learning classifiers are
evaluated on the aforementioned datasets and the results are analyzed.

Table 4. The distributions of the diabetic datasets used in this research.

Dataset Number of Instances Number of Features ~ Positive Negative
Pima 768 8 268 500
Frankfurt 2000 8 684 1316
Combined 2768 8 952 1816

It was found that the two oversampling algorithms, SMOTE, and ADASYN, resulted
in different performance outcomes on the Pima Indians with Diabetes imbalanced dataset
in three classifiers. Evaluation on multiple metrics provided a comprehensive overview of
classifier performance under different preprocessing settings (see Table 5).

Table 5. Performance results (%) of classifiers with different preprocessing methods.

Method  Classifier ~Accuracy Sensitivity Specificity Precision F1-Score

MLP 77.08 77.1 71.02 76.5 76.88

Original SVM 77.34 77.03 71.44 76.94 76.64
RF 75.39 75.44 69.02 74.81 75.93

MLP 83.32 84.63 74.41 83.66 85.02

SMOTE SVM 76.43 75.87 73.31 75.93 75.80
RF 90.88 90.91 72.73 90.08 91.04

MLP 79.29 79.96 73.54 78.95 79.51

ADASYN SVM 7491 75.98 72.12 75.38 74.50
RF 89.01 90.32 70.97 89.31 91.44

Based on these findings, the performance of the MLP and RF classifiers improved
significantly, and was enhanced significantly because of oversampling. In the case of MLP,
the highest sensitivity (84.63%) and F1-score (85.02%) were achieved using SMOTE, whereas
ADASYN also improved performance, yielding a sensitivity of 79.96% and F1-score of
79.51%, compared to the original dataset. Similarly, RF performed better with oversampling
with the best performance, with 90.91% and 91.04%, in terms of sensitivity and F1-score,
respectively, with SMOTE and ADASYN. These findings suggest that oversampling is
effective in mitigating the impact of class imbalance for both MLP and RF. Conversely,
the performance of SVM remained relatively stable across different preprocessing. Slight
decreases in sensitivity were observed with SMOTE (75.87%) and ADASYN (75.98%),
compared to the original dataset (77.03%), with the F1-scores also indicating a slight decline.
This implies that in this case, oversampling does not have a significant positive effect on
SVM and can also result in a minimal decrease in sensitivity. Overall, MOTE appears to be
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slightly more effective than ADASYN for both MLP and RF in terms of sensitivity and F1-
score. However, no single preprocessing method consistently improves performance across
all classifiers, indicating that the effectiveness of oversampling is classifier-dependent.
These results highlight the importance of selecting appropriate preprocessing strategies
when dealing with imbalanced data, in order to achieve balanced classifier performance.

4.2. Performance Evaluation and Analysis

In this investigation, several preprocessing procedures were implemented, including
feature scaling, two data oversampling strategies, and missing data imputation. In addition,
the proposed framework integrates three feature-selection methods, three base classifiers,
and a voting-based ensemble model.

Epoch-wise accuracy and loss curves were used to evaluate the training dynamics of
the proposed model. As shown in Figure 4, both training and validation accuracy increase
steadily with minimal variance, while the loss decreases consistently over epochs. The
validation curves do not have any significant variations and the training and validation
performance indicate strong generalization and the absence of overfitting. The curves stabi-
lized after some epochs, demonstrating convergence and effective learning of underlying
patterns rather than memorization. These findings support the strength and consistency
of the proposed strategy. Additionally, the performance of the proposed model has been
compared with standard baseline models based on standard evaluation metrics to provide
a comprehensive assessment of its effectiveness.

Accuracy over Epochs Loss over Epochs

0.98 1 ~® Train Acc M 0.40 —e— Train Loss
Val Acc Py e Val Loss

2.8 5

0.96 ". 0.35
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0.10
0.84 M
0.05

0.82

0 10 20 30 40 50
Epoch
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Figure 4. Training and validation accuracy and loss curves showing smooth convergence, stable
learning, and good generalization without overfitting.

Table 6 presents the classification results of the Pima Indians with Diabetes dataset by
using three feature-selection algorithms, namely, GA, correlation-based feature selection
(CFS), and RFE, and four classifiers, namely, MLP, SVM, RF, and the voting ensemble
associated with MSR. The findings indicate that feature selection significantly improves in
the predictive performance of all the classifiers. The RFE-based feature subset produced
the best overall performance, and was closely followed by GA, and CFS offered moderate
improvement. In particular, the RFE with the MSR voting classifier achieved the highest
performance, 89.91%, sensitivity of 90.11%, specificity of 89.22%, precision of 91.37% and
F1-score of 92.87%. The GA with MSR also had good results, with an accuracy of 88.72%,
meaning that it demonstrates effectiveness in capturing nonlinear feature relationships that
can be used in the prediction of diabetes. Conversely, CFS-based features reported lower
accuracy (85.41%) with MSR, suggesting that simple correlation-based technique is less
effective than iterative or evolutionary feature-selection technique.
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Table 6. Performance results (%) for the Pima Indians with Diabetes dataset using various models.

Feature  Classifier Accuracy Sensitivity Specificity Precision F1-Score

MLP 80.68 81.32 79.54 82.85 81.25
SVM 82,51 83.92 81.72 84.73 83.49
GA RF 85.25 86.12 84.84 87.78 86.17
MSR 88.72 89.54 88.55 87.18 86.79
MLP 78.23 79.81 77.13 80.25 78.16
SVM 79.91 81.03 78.71 81.32 80.11
CFS RF 82.76 83.61 82.93 83.47 83.34
MSR 85.41 86.93 84.19 87.73 88.73
MLP 81.89 83.98 82.18 84.92 83.22
SVM 84.87 85.99 84.52 85.68 84.16
RFE RF 87.22 86.36 86.54 89.22 88.92
MSR 89.91 90.11 89.22 91.37 92.87

In all feature-selection methods, the MSR voting classifier consistently outperformed
the single models, which demonstrates that ensemble learning can effectively integrate
to synthesize the advantages of different classifiers in order to reach greater stability and
generalization. Random forest was the highest among the individual classifiers, with
an 87.22% accuracy with RFE, which reiterates the fact that it is able to model nonlinear
relationships that are complex nonlinear relationships. SVM exhibited competitive and
stable performance in all the methods, which suggests its efficiency in the processing of data
that is linearly separated, whereas MLP had a slight decrease on accuracy, but displayed
balanced sensitivity and specificity, which could suggest underlying patterns in biomedical
data capture.

The fact that the results have improved proves that feature selection is a very important
aspect in improving classification performance. GA was able to achieve an accuracy of
3-5%, compared to the baseline, without feature selection, and RFE was able to achieve
a result of 4% over GA, since it is effective at finding the most discriminative features.
CFS was computationally efficient even though it did not yield substantial performance
gains. Altogether, RFE and the MSR voting ensemble performed the best trade-off across
all evaluation metrics, proving it to be the optimal configuration for obtaining reliable
diabetes classification. As such, this setting, as the most successful one, was used in later
comparative studies with the Frankfurt and mixed datasets.

The analysis of the Frankfurt dataset performance demonstrates that feature selection
improves classification performance across all classifiers (see Table 7). The features using
RFE methods consistently achieved the best performance, followed closely by GA, and
correlation-based selection provided moderate improvements. Random forest was the
strongest performer among individual classifiers, with a high of 86.14% accuracy using
RFE, and SVM exhibited stable performance relative to the feature selections. MLP had
slightly lower accuracy and equal sensitivity and specificity. The MSR voting classifier
consistently outperformed all individual models, with RFE + MSR recording the highest
accuracy (89.38%), sensitivity of 90.21%, specificity of 88.74%, precision of 91.12% and
F1-score of 90.67%. These findings support the claim that using the MSR ensemble of
multiple classifiers achieves improved generalization and stability even though iterative
feature-selection algorithms such as RFE offer the most discriminating features in the
prediction of diabetes.
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Table 7. Performance results (%) for the Frankfurt dataset using various models.

Feature  Classifier Accuracy Sensitivity Specificity Precision F1-Score

MLP 79.85 80.92 78.74 81.32 80.12
SVM 81.42 82.75 80.11 83.12 82.05
GA RF 84.03 85.12 83.14 86.18 85.65
MSR 87.15 88.32 86.74 87.55 87.93
MLP 77.92 7861 77.11 79.02 7831
SVM 79.16 80.21 78.07 80.38 79.29
CFS RF 82.24 83.14 81.32 83.67 83.4
MSR 85.01 86.15 84.32 86.42 85.83
MLP 81.03 82.12 80.21 83.05 82.58
SVM 83.22 84.18 82.47 84.57 84.37
RFE RF 86.14 86.92 85.37 88.05 87.45
MSR 89.38 90.21 88.74 91.12 90.67

In the combined dataset, it is observed that feature selection and the MSR voting
ensemble improve predictive performance with all the classifiers (see Table 8). The most
discriminative feature subset was consistently identified by RFE, and this had the highest
accuracy (89.91%) with MSR. GA and correlation-based feature selection were also found
to be better than baseline, though RFE produced the best trade-offs between accuracy,
sensitivity, specificity, precision and F1-score. Random forest and SVM were found to have
comparable performance, with MLP being slightly less accurate. MSR voting classifier
consistently outperformed single models, which supported the determination of the benefit
of ensemble learning in diabetes prediction. Overall, the usage of RFE with the MSR
ensemble was found to be the most effective configuration with the combined dataset.

Table 8. Performance results (%) for the combined dataset, using various models.

Feature  Classifier Accuracy Sensitivity Specificity Precision F1-Score

MLP 80.68 81.32 79.54 82.85 81.25
SVM 82,51 83.92 81.72 84.73 83.49
GA RF 85.25 86.12 84.84 87.78 86.17
MSR 88.72 89.54 88.55 87.18 86.79
MLP 78.23 79.81 77.13 80.25 78.16
SVM 79.91 81.03 78.71 81.32 80.11
CFS RF 82.76 83.61 82.93 83.47 83.34
MSR 85.41 86.93 84.19 87.73 88.73
MLP 81.89 83.98 82.18 84.92 83.22
SVM 84.87 85.99 84.52 85.68 84.16
RFE RF 87.22 86.36 86.54 89.22 88.92
MSR 89.91 90.11 89.22 91.37 92.87

To enhance clinical interpretability, confusion matrices of the best-performing configu-
ration (RFE + CFS + SVM) were generated for each dataset. The proposed approach has a
balanced distribution between the true positives and true negatives, and the rates of false
negatives (FN) and false positives (FP) are low rates, as presented in Figure 5.

The interpretation of classification errors, particularly FN and FP, is important in
medical diagnosis. False negative occurs when a patient with diabetes is incorrectly
classified as non-diabetic, which is clinically serious since it may lead to delayed diagnosis
and severe complications, including cardiovascular diseases, neuropathy, kidney failure
and vision loss. Therefore, the reduction of FN is crucial in the early-stage reliable screening.
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Figure 5. Confusion matrices of the best-performing configuration (RFE + CFS + SVM) on the Pima,
Frankfurt, and Combined datasets.

Conversely, a false positive is the case where a non-diabetic person is incorrectly
classified as diabetic. Although less severe than an FIN, FP cases can lead to unnecessary
diagnostic tests, higher healthcare expenses, and psychological stress among patients. In
the most effective configuration used, the proposed model shows high sensitivity (up to
97.43) and specificity (up to 99.03), which means that both the false negative and the false
positive rates are significantly low. The high sensitivity shows that the model is effective in
correctly identifying diabetic patients, and thus it minimizes the chances of false diagnosis,
as the high specificity means that false alarms are minimal.

Clinically, the results infer that the proposed hybrid model can be effectively applied
in early-stage diabetes screening at an early stage where the primary goal is to correctly
detect the actual cases rather than prevent all false positives. The balance between sensi-
tivity and specificity highlights the potential of the model in supporting reliable clinical

decision-making.

4.3. Feature-Based Performance

Table 9 presents the average performance of four classifiers, MLP, RF, SVM, and MSR,
before and after the implementation of four feature-selection methods.

Table 9. Average classification performance results (%) before and after the application of various
feature-selection methods.

Feature-Selection Method

No. of Features Accuracy  Sensitivity  Specificity = Precision = F1-Score

Without feature section
CFS
RFE
GA

8 85.77 83.81 84.16 84.12 83

6 87.78 85.67 86.42 86.52 85.2
7 89.29 88.69 88.09 88.71 88.72
6 91.04 91.42 90.72 90.24 91.37

The findings reveal that feature selection has a positive impact on the performance
of the classifier. In the absence of feature selection, the classifiers achieved an average
accuracy of 85.77%, and the sensitivity (83.81%) and F1-score (83.00%) were relatively
lower. Using the Correlation technique slightly enhanced the overall performance, as
the average accuracy and Fl-score improved to 87.78% and 85.20%, respectively. Further
improvement was seen in the RFE, which attained an average accuracy of 89.29%, and
which, in comparison with the sensitivity (88.69%) and specificity (88.71%), demonstrated
a more balanced performance in classification. GA had the best average results over the
four classifiers, with an accuracy of 91.04%, sensitivity of 91.42% and F1-score of 91.37%.
This shows that GA performed best in the process of choosing informative features, which
thereby resulted in better classifier generalization. These findings indicate that the feature
selection significantly enhances classification performance, with GA providing the best
average performance on this dataset.
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The findings demonstrate that hybrid feature selection is generally more effective than
single feature-selection methods, which implies that global search (GA) with redundancy-
conscious (CFS) or wrapper-based (RFE) techniques produces a more discriminative feature
subset. This results in corresponding improvements in both sensitivity and specificity,
which is essential for reliable early-stage screening of diabetes. The performance of the
classifiers was evaluated by considering three integrated feature-selection techniques,
namely, GA + RFE, GA + Correlation, and RFE + Correlation. The performance of each
classifier and the analyses of ROC curves for each integrated feature-selection method were
computed and analyzed.

The SVM classifier-based GA+RFE feature-selection method achieved the best per-
formance (see Table 10), having an accuracy of 98.2%, sensitivity of 97.03%, specificity of
99.37%, precision of 99.07% and F1-score of 98.26%, indicating its strong ability to correctly
classify both positive and negative examples with strong precision. The MSR voting classi-
fier was also competitive, with an accuracy of 97.1% and balanced sensitivity (96.43%) and
specificity (98.11%), which indicates the effectiveness of ensemble-based prediction. The
sensitivity of the MLP classifier was slightly lower, at 94.73%, though specificity (97.54%)
and precision (97.05%) were high, which indicated good overall performance. Meanwhile,
the RF classifier had the lowest accuracy (95.8%), but also an acceptable level of sensitivity
(95.21%) and specificity (96.22%). On the whole, the GA + RFE approach benefits all classi-
fiers, especially SVM and MSR, as it can choose informative and discriminative features
and, as a result, improve classification performance.

Table 10. Evaluation results (%) for feature selection: GA + RFE.

Classifier Accuracy Sensitivity  Specificity Precision F1-Score
MLP 96.4 94.73 97.54 97.05 96.31
SVM 98.2 97.03 99.37 99.07 98.26

RF 95.8 95.21 96.22 96.36 95.15
MSR 97.1 96.43 98.11 98.14 97.81

In the case of GA + CFS feature-selection method, the SVM classifier again achieved the
best performance, although one slightly lower than in the case of GA + RFE, and the results
are as follows: accuracy of 97.6%, sensitivity of 96.71%, specificity of 98.62%, precision of
98.71%, and F1-score of 97.07%. The MSR voting classifier had a strong performance, with
an accuracy of 96.5%, and balanced sensitivity (95.13%) and specificity (97.06%), which
highlights the effectiveness of the ensemble-based prediction. The MLP classifier showed a
slight decrease in sensitivity (93.23%) and accuracy (95.5%), while the performance of the
RF classifier, which had the lowest performance, with an accuracy of 94.9%, sensitivity of
94.66% and specificity of 95.73%, suggested some sensitivity to feature reduction due to
correlation filtering. Overall, these findings suggest that GA + CFS offers a viable feature
subset, although it may result in a slight reduction in predictive performance for certain
classifiers, compared to GA + RFE (see Table 11).

Table 11. Evaluation results (%) for feature selection: GA + CFS.

Classifier Accuracy Sensitivity ~ Specificity Precision F1-Score
MLP 95.5 93.23 96.91 96.08 94.25
SVM 97.6 96.71 98.62 98.71 97.07

RF 94.9 94.66 95.73 95.77 94.05
MSR 96.5 95.13 97.06 97.19 96.33
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In the RFE + CFS feature selection, the SVM classifier achieved the highest performance,
with an accuracy of 98.0%, sensitivity of 97.43%, specificity of 99.03%, precision of 99.51%
and F1-score of 98.72%, results which are comparable to the GA + RFE results, as indicated
in Table 12. This implies that a combination of RFE and correlation-based filtering is
effective in preserving informative features. The MSR voting classifier also demonstrated
strong performance, with an accuracy of 97.0% and balanced sensitivity (96.12%) and
specificity (97.18%), reflecting the stability of the ensemble predictions. The MLP and
RF classifiers showed moderate performance, with accuracy values of 95.9% and 95.3%,
respectively, which shows that these classifiers are more sensitive to the feature-selection
method. In general, the findings indicate that RFE with correlation-based filtering offers a
strong feature subset, especially as to those features that are useful in the SVM and MSR
classifier and have modest impacts on the performance of MLP and RE.

Table 12. Evaluation results (%) for feature selection: REF + CFS.

Classifier Accuracy Sensitivity ~ Specificity Precision F1-Score
MLP 95.9 94.41 96 96.82 95.41
SVM 98.0 97.43 99.03 99.51 98.72

RF 95.3 94.07 95.05 96.39 94.17
MSR 97.0 96.12 97.18 98.42 97.06

In general, SVM consistently achieved the best performance in all feature-selection
methods and showed superior capability in both positive and negative class identification,
as well as balanced performance measures. Another criterion that supports the effective-
ness of ensemble-based methods is that the MSR voting classifier showed a consistent
performance, regardless of the method. Although, for the most part, MLP and RF classifiers
generally performed well, their performance was more sensitive to the selection of the
feature-selection method, which was evident in slight reductions in accuracy and sensitivity
under GA + CFS and RFE + CFS. GA + RFE and RFE + CFS presented the most informative
and discriminative feature subsets, and resulted in the best overall performance relative
to the classifiers, but GA + CFS resulted in small decreases in sensitivity and accuracy on
some classifiers. These results support the role of proper feature-selection strategies in
maintaining balanced and reliable performance, especially in datasets with possible class
imbalance, and point to the fact that ensemble or robust classifiers such as SVM and MSR
are most likely to gain the benefits of optimized feature subsets.

The Receiver Operating Characteristic (ROC) curves for each classifier under the
hybrid feature-selection frameworks are presented in Figure 6. The ROC curves reflect the
rate of the true positive (TPR) and false positive (FPR) which offers a thorough assessment
of the discriminative power of a classifier beyond the conventional performance measures.
As can be seen, all the classifiers show good results; curves are near the upper-left corners,
signifying high sensitivity as well as low false positive rates. The SVM classifier was the
most successful model evaluated, with the steepest ROC curve and highest area under the
curve (AUC), and the next successful were the MSR ensemble model and the RF model.
The MLP classifier performance showed comparatively lower performance, as indicated
by a relatively low curve. The excellent performance demonstrated by the ROC curves,
despite reservations to the contrary, was only created using unseen test data in each fold of
the cross-validation. Therefore, the observed strong ROC characteristics reflect high feature
discriminability rather than overfitting or data leakage.

Among the feature-selection methods, GA + RFE produces the most distinct and
well-defined ROC curve, indicating superior feature discrimination and improved class
separability. The performance of the GA + CFS and RFE + CFS methods is also high but the
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curves are slightly less steep, indicating that there is a small trade-off between the sensitivity
and specificity. Overall, these findings support the conclusion that hybrid feature selection
significantly enhances in the discriminative capability of all the classifiers.

ROC Curve (GA + CFS)

ROC Curve (GA + RFE) ROC Curve (RFE + CFS)

02 e — e S 02 — e
svm < VM

p — Ve —
0o b — MsR

o 02 08 e 00 02 04 06 o8 10

False Positive Rate

00 02

04 06
06 08 10 False Positive Rate

04
False Positive Rate

Figure 6. ROC curves for all classifiers based combined feature-selection methods.

Figure 7 illustrates the ROC curve of the best-performing configuration, RFE + CFS +
SVM, on the combined dataset. The curve is located close to the upper-left boundary, which
indicates near-perfect classification performance. The respective value of AUC (e.g., 0.98)
indicates a high level in separating classes and demonstrates the stability of the suggested
model. These high values of the AUCs show that the model is effective in distinguishing
diabetic and non-diabetic cases. More significantly, the ROC curves were plotted based on
unseen test data which had not been involved in any training, preprocessing, or model
selection. Moreover, all the preprocessing operations were done in cross-validation folds to
avoid the data leakage risk. The model was also checked via the 5-fold cross-validation
and the results indicated low variance between the folds, indicating that the model is stable
and highly generalized. The agreement in the performance between cross-validation folds
further suggests that the model does not overfit to specific data partitions. Consequently,
the ROC behavior that is observed is indicative of true learning of discriminative patterns as
opposed to memorizing. This proves the validity and strength of the suggested framework
in making clinical choices in diabetes prediction. The cross-validation consistency of
performance across the folding of the validation set also suggests that the model is not
overfitting on particular data splits, as seen by the fact that the fold variance in metrics of
evaluation is low.

ROC Curve (Combined Dataset)
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Figure 7. ROC curves of the proposed RFE + CFS + SVM model on the combined datasets.

4.4. G-Mean Analysis of Classifiers

The balanced score of the classifiers, used to determine the performance in distinguish-
ing the positive and negative classes, was calculated using the G-Mean metric. This metric
is particularly important in datasets that may have a disproportionate number of classes.
The formula of G-Mean is defined as the geometric mean, as expressed in Equation (15) [52].
It provides a single measure that reflects the classifier’s ability to correctly identify positive
instances while also correctly rejecting negative instances. Table 13 presents the G-Mean of
each classifier under the combined methods of feature selection (GA + RFE, GA + Correla-
tion, and RFE + Correlation). Among the classifiers, SVM and the MSR voting ensemble
consistently achieved the highest G-Mean values, indicating a well-balanced performance
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in terms of sensitivity and specificity. The MLP and RF classifiers also demonstrated
satisfactory performance, although with slightly lower G-Mean values.

G-Mean = +/Sensitivity x Speci ficity (15)

Table 13. G-Mean values of classifiers with combined feature-selection methods.

Classifier GA + RFE GA + CFS RFE + CFS
MLP 0.96 0.95 0.94
SVM 0.98 0.96 0.96

RF 0.955 0.945 0.947
MSR 0.98 0.97 0.97

As an illustration, the SVM and MSR classifiers under the GA+RFE feature-selection
method achieved a G-Mean of 0.98, which is strong balanced performance across both
positive and negative classes. In contrast, the MLP classifier had a G-Mean of 0.96, whereas
RF had 0.955, reflecting a slightly lower but still strong balanced accuracy. In other feature-
selection techniques, SVM and MSR were always at the top of G-Mean value, which
demonstrates their reliability and robustness and consistency in handling class imbalance.

The ablation study was conducted to quantify the contribution of each pipeline compo-
nent by comparing the preprocessing stages (imputation, oversampling, and standardiza-
tion), single feature selectors (GA, CFS, RFE), hybrid feature selectors (GA + CFS, GA + RFE,
and RFE + CFS), and the MSR ensemble with individual classifiers (MLP, SVM, and RF).

To determine the contribution of each component of the proposed pipeline (Table 14),
we performed a partial ablation study. The table shows gradual improvements across
preprocessing (imputation, oversampling, and standardization), single feature selectors
(GA, CFS and RFE), hybrid feature selectors (GA + CFS, GA + RFE, RFE + CFS, and
MSR ensemble). The findings show that the selection of hybrid features, particularly
when combined with SVM and the ensemble of the MSR, contributes most significantly to
predictive performance. Although the results follow the expected trend, future work should
include a more detailed ablation analysis by independently evaluating each preprocessing
step and feature-selection method to provide a more comprehensive assessment.

Table 14. Ablation showing contributions of feature selection and MSR ensemble.

Component Accuracy Sensitivity Specificity Precision = F1-Score
Base SVM 86.0 83.06 87.1 86.72 85.16
Imputation 87.2 85.21 87.8 88.0 86.51
Oversampling 88.0 86.5 88.23 89.02 87.7
Standardization 88.42 87.43 89.29 88.01 88.3
GA 90.02 89.23 90.2 91.02 91.71
CFS 90.14 89.47 91.22 91.05 90.91
RFE 91.65 90.77 92.09 92.43 91.88
GA + CFS 94.37 93.77 94.99 94.87 94.19
GA + RFE 95.54 94.81 95.29 96.01 95.17
RFE + CFS 98.0 97.14 98.09 98.33 98.37
Ensemble + MSR 98.3 97.6 99.1 99.6 98.8

4.5. Performance Comparison

This study differs from most previous work, in which researchers normally use one
feature-selection algorithm or test the algorithm on a single dataset. In contrast, it demon-
strates that the hybrid feature-selection algorithm with an MSR ensemble has a strong and
generalizable performance over a variety of datasets. Table 15 provides the comparison of
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the different machine learning approaches used to predict diabetes in the different datasets,
including Pima Indians with Diabetes, NHANES, Frankfurt, and the combination of these
datasets. Previous researchers using the Pima Indians with Diabetes data had moderate
to high accuracies, with values ranging from 76.8% (Logistic Regression [53]) to 96.27%
(DCSGAN [54]). The conventional classifiers KNN [55,56], RF [57], SVM [14] and neural
networks [13] usually had accuracies between 77% and 95%. Although these models pro-
vided reasonable predictive performance, they often suffered from class imbalance issues
and limitations in identifying the most informative features. In contrast, methods employ-
ing data augmentation or hybrid methods, including TE-KNN [25] and deep learning [1],
were more sensitive and had better F1-scores, which means they were more effective at
handling the minority classes. Recent reports on hybrid and ensemble approaches indicate
that they have been demonstrated to perform better. For instance, the DCSGAN [54] and
Multi-Layer Neural Network [58] on the Pima Indians with Diabetes dataset reached a
96.97% accuracy. The Pima Indians with Diabetes dataset integration with the Frankfurt
datasets provided an ensemble method [59] which achieved 98.79% accuracy, and this
illustrates the advantages of using many datasets to enhance generalization. These findings
suggest that model robustness can be enhanced by integrating diverse data sources and
ensemble strategies, thereby reducing overfitting.

Table 15. Comparative analysis among the proposed methods and previous studies.

Study Method Dataset Accuracy  Sensitivity  Specificity =~ Precision F1-Score Pu‘I{:iiii;a(t)ifon
[55] KNN Pima 88 90 N/A 87 88 2019
[57] RF Pima 87 85 N/A 81 83 2019
[60] SMO Pima 77.34 77.30 N/A 76.90 76.30 2020
[14] SVM Pima 83.2 N/A N/A N/A 76 2021
[15] DT + SMOTE + GA Pima 82.12 N/A N/A N/A N/A 2021
[53] LR Pima 76.8 76.8 73.3 2021
[56] KNN Pima 92.28 N/A N/A N/A N/A 2021
[13] NN Pima 88.60 N/A N/A N/A N/A 2021
[25] TFKNN Pima 90.63 93.18 93.18 93.18 2022
[1] DL Pima 95 95 90 93 2022
[3] RF NHANES 94.25 N/A N/A N/A N/A 2019
[46] SVM + ANN Combined 94.67 89.23 97.32 94.19 N/A 2021
[54] DCSGAN Pima 96.27 96.98 96.98 96.98 2023
[58] Multi-Layer NN Pima 97 97 95 N/A N/A 2023
[61] SHAP Pima 94.67 N/A N/A N/A 95.95 2023
[59] Ensemble Pima + Frankfurt 98.79 N/A N/A N/A N/A 2024

XGBoost Clinical Diabetes 86.87 84.4 89.12 88.9 86.44 2025
[62] Dataset
LightGBM Clmlga;tg;betes 86.78 84.37 88.88 88.72 86.35 2025
[27] DNN Pima 98.16 N/A N/A N/A N/A 2023
[63] Ensemble Learning Pima 99 100 N/A 98 99 2025
All feature + MSR Pima 89.91 90.11 89.22 91.37 92.87
All feature + MSR Frankfurt 89.38 90.21 88.74 91.12 90.67
Proposed All feature + MSR Combined 89.91 90.11 89.22 91.37 92.87 QOurs
GA + RFE + SVM Combined 98.2 97.03 99.37 99.07 98.26
GA + CFS + SVM Combined 97.6 96.71 98.62 98.71 97.07
REF + CFS + SVM Combined 98.0 97.43 99.03 99.51 98.72

Feature selection plays a critical role in this study. Hybrid techniques, such as
GA + RFE, GA + CFS, and RFE + CFS effectively identify the most informative features,
reduce dimensionality, and improve class discriminability. RFE + CFS + SVM provides the
highest performance for the combined dataset, with 98.0%, 97.43%, 99.03%, 99.51% and
98.72% accuracy, sensitivity, specificity, precision, and F1-score, respectively. Likewise, GA
+ RFE + SVM attained 98.2% accuracy at the same sensitivity and specificity, which indicates
the strength of hybrid feature selection and SVM. Across all datasets, SVM consistently
outperformed MLP and RF, likely due to its ability to handle high-dimensional data and
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complex decision boundaries. The proposed MSR ensemble, which integrates a number of
classifiers using soft voting, also achieved strong performance on single datasets (Pima In-
dians with Diabetes and Frankfurt). Nevertheless, its performance on the combined dataset
was marginally worse than the optimized hybrid SVM settings, indicating that as much as
the ensembles are capable of stability improvements, the selective choice of features and
hyperparameter optimization is essential in the attainment of optimal accuracy.

The findings indicate that the hybrid feature selection outperforms single-method
approaches and significantly enhances model performance. Hybrid selection is particularly
effective for SVM because this method is sensitive to the relevant features and the dataset
combination enhances the generalization, whereas optimized models need to balance sensi-
tivity and specificity. The ensemble models are robust, but well-optimized single classifiers
can be used with hybrid feature selection for better performance. The proposed hybrid
feature selection with SVM provides a state-of-the-art feature-selection framework, one
which is able to predict diabetes in its early stages with a high accuracy and with balanced
sensitivity and specificity, and at the same time capable of achieving high F1-scores on both
the single datasets and the combined data. This confirms the significance of preprocessing,
feature selection and optimization of the classifier for effective medical diagnosis.

4.6. Discussion

This paper addresses the problem of early diabetes prediction on two benchmark
datasets (Pima Indians with Diabetes and Frankfurt) and the combined data. The primary
objective is to develop a robust and generalizable framework by integrating preprocessing,
feature selection, and classification techniques. Oversampling, standardization, imputation
and data cleaning were preprocessing steps that ensured high-quality input data. These
steps were essential, because in diabetes datasets, missing or imbalanced data may exist,
and this can negatively affect the performance of the classifier. Statistical procedures
indicate that preprocessing improves the distribution and quality of the data, providing a
solid foundation towards downstream modeling. The preprocessing of the data, such as
oversampling and selection of features, was strictly applied only to the training data within
each cross-validation fold; otherwise, there was the risk of some leakage of information
into the test set. This ensures that the reported results reflect the actual model learning and
not memorization.

The method of feature selection was crucial in improving the performance of the
classifiers. Three separate feature-selection methods (GA, CFS, and RFE), and combinations
of the three were tested, as well as three combinations utilizing these three (GA + CFS,
GA + RFE, and RFE + CFS). Hybrid feature selection consistently outperformed the single
methods, enabling the identification of the most discriminative and informative features,
and dimensionality reduction with no loss of the relevant information. RFE + CFS + SVM
and GA + RFE +SVM were also found to be the best combinations, with the highest ac-
curacy, 98.0% and 98.2%, respectively, when using the combined dataset with balanced
sensitivity, specificity, precision, and F1-score. This confirms that feature selection is very
important in ensuring state-of the art predictive performance. The results of the classifier
analysis demonstrated that SVM was always better than MLP and RF in all datasets and
feature-selection techniques. This advantage can be explained by the efficiency of SVM in
the high-dimensional space and its capability in representing complicated decision bound-
aries. The MSR soft voting ensemble also demonstrated strong performance, especially in
single datasets, where its predictions were stable and demonstrated robust performance.
Nevertheless, on the combined data, optimized SVM settings slightly outperformed MSR,
which suggests that combination techniques are most effective when applied together
with the attentive feature selection and hyperparameter optimization. The fact that the
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performance of the proposed model was similar across cross-validation folds is also another
indicator that the model is strong and can effectively generalize without overfitting the
data on particular data splits. This consistency across folds also shows that the model is
not fitting to certain data splits and that it can be applied well to unseen data.

The comparative stability of the performance of various feature-selection and classifi-
cation settings (such as GA + RFE + SVM, RFE + CFS + SVM and MSR ensemble) can be
explained by the structured nature of the datasets and the inherent clinical separability of
these datasets. The datasets do possess well-defined clinical features with strong predictive
correlations with the target variable; these allow the application of multiple learning algo-
rithms in order to learn to discover similar discriminative features. Additionally, the strict
validation protocol adopted in the experimental design involves a two-step evaluation
using independent test sets and 5-fold cross-validation which was utilized on the training
data only. This ensures that the results reported are unbiased and free from data leak-
age. Moreover, every feature selection and oversampling process was integrated into the
training folds in the process of cross-validation so that all the information contained in the
validation or test sets was not used in training the models or constructing features. Besides,
the relatively small variation in the performance of various model configurations can be
attributed to the robustness of the preprocessing pipeline and hybrid feature-selection
methods, as opposed to overfitting. The agreement between various classifiers indicates
that the models are learning consistent and clinically meaningful patterns and not just
memorizing noise or dataset-specific artifacts.

The research emphasizes ensemble learning as one way to achieve better predictive
accuracy as well as provides empirical evidence of the robustness and stability of classi-
fication decisions. It has been demonstrated in previous works that ensemble structures
are capable of significantly influencing classifier behavior during perturbations and dur-
ing uncertain conditions. To illustrate, Kwon et al. (2018) [64] revealed that hierarchical
ensemble structures influence the overall response of multiple classifiers, as ensemble
decision mechanisms naturally precondition the model robustness, in contrast to those of
individual classifiers. This finding supports the design of the proposed MSR soft-voting
ensemble when heterogeneous learners MLP, SVM and RF are aggregated, suggesting that
this produces more consistent and reliable predictions over multiple datasets. Within the
framework of screening diabetes at an earlier stage, the ensemble robustness contributes
to achieving a balance between sensitivity and specificity, thereby reducing both false
negatives and false positives and improving clinical reliability. In addition to predictive
performance, algorithmic efficiency is also critical in the practical application of multi-stage
learning pipelines. In a related work in the literature, Kwon et al. (2024) [65] state in a prior
study that evaluating the time and space complexity of different algorithmic components
in a systematic way is important, instead of just using accuracy as an indicator. Based on
this view, the computational cost of every step of the proposed framework, that is, pre-
processing, feature selection, and ensemble learning, was analyzed. The findings indicate
that despite the additional computing burdens associated with hybrid feature selection
followed by ensemble integration, the total time is feasible and scalable, with considerable
improvements in robustness and generalization being achieved on the Pima Indians with
Diabetes, Frankfurt, and combined datasets.

The originality and efficiency of the proposed approach are highlighted through
comparisons to previous studies. Conventional techniques on the Pima Indians with
Diabetes dataset, including the KNN, RF, and the logistic regression, achieved accuracies
ranging between 76.8 and 96.27%, often with imbalanced sensitivity and specificity. Overall,
the findings highlight that achieving a dependable early detection of diabetes requires the
integration of powerful preprocessing, hybrid feature selection, and optimized classifiers.
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Hybrid feature selection enhances feature relevance, whereas SVM demonstrates consistent
performance and equal sensitivity and specificity. The proposed framework has been
proven to perform at the state-of-the-art level with several datasets, which confirms its
potential as a useful tool that can be used in clinical decision-making and early intervention
in diabetes management.

Although recent studies increasingly focus on deep learning being used to tackle
medical prediction problems, classical machine learning models are also highly applicable
to structured and tabular clinical data, as is the case with this study. Practically speaking,
in most healthcare applications, the models can be more interpretable, computationally
efficient, and potentially more generalizable, particularly given the limited size of healthcare
data files. The findings of this work show that with strong preprocessing, hybrid feature
selection, and ensemble learning, traditional classifiers (i.e., SVM and RF) can achieve
state-of-the-art performance in terms of sensitivity and specificity by balanced trade-off.
Thus, the findings emphasize methodological rigor, robustness and clinical reliability rather
than the novelties of the algorithms, which makes this approach suitable for real-world
applications associated with diabetes screening. The results show that novelty in medical
decision-support systems can be developed not only by using new algorithms, but also by
the combination of old approaches, and by their validation and interpretation in clinically
significant situations. As was shown by the proposed framework, hybrid feature selection
and ensemble learning can provide strong and generalizable performance even in datasets
with different statistical properties.

The combination of datasets is expected to increase the sample size and statistical
power, but this may also introduce bias because the population characteristics and data
collection procedures might differ. In response to this, the Pima Indians with Diabetes
and Frankfurt datasets were also evaluated individually, and no significant differences in
performance trends were observed. These findings are indicative of the good generalization
capability of the proposed model. Nevertheless, future research will incorporate site-held-
out and cross-dataset analysis to establish greater clinical strength.

Even though the performance metrics and ROC curves reveal strong classification
capability, the results were obtained under strict evaluation conditions, and with unseen
test data. Hence, the high performance reflects strong feature separability and sound
model design rather than overfitting or data leakage. It is important to note that other
feature-selection, oversampling and boosting algorithms were not considered in this study
because of space and computational limitations. Further research on the topic may explore
more methods and combination tactics to improve the model stability and generalization
even further.

The study has limitations, such as the lack of external validation of fully independent
datasets, although the model performed well in internal evaluations. Further research will
focus on testing the proposed framework on external and multi-center datasets, which will
further ensure the generalizability and clinical applicability of the findings.

5. Conclusions

In the past two decades, wearable technologies have attracted significant scientific
interest in the field of healthcare, particularly for patients with chronic illnesses like dia-
betes. This research has been primarily focused on patients using these technologies to
monitor their blood sugar levels. These approaches are able to support the management
of diabetes as well as assist in the prevention of complications that are associated with
the condition. In addition, the use of these devices has led to improvements, not only in
the management of diabetes, but also in people’s overall quality of life. The metabolic
condition known as diabetes is characterized by elevated blood-glucose levels. Improv-
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ing one’s ability to diagnose diabetes at an earlier stage is the primary purpose of this
investigation. Preprocessing has been investigated, and it was discovered that it plays an
essential role in accurate and precise prediction. The proposed approach can be applied to
a variety of feature-selection approaches and classification techniques. The MSR classifier,
which is based on a voting idea, is employed to improve classification performance, and
it also generates a more effective predictive model. The Pima Indians with Diabetes and
Frankfurt datasets were combined and analyzed before being used to test our model. The
effectiveness of the framework is demonstrated by comparing the results with state-of-the-
art methods. According to the results of the performance assessment, the occurrence of
diabetes could be predicted with a level of accuracy that was acceptable. The proposed
model may be extended in future work to other disease prediction tasks. Additionally,
the classification component of the fusion framework could be explored further by using
alternative machine learning classifiers.
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