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Abstract—Type 2 Diabetes Mellitus (T2DM) continues to pose
a serious health challenge. Although Machine Learning has been
widely employed for disease prediction, its effectiveness depends
heavily on feature selection (FS) and hyperparameter tuning
(HPT). This study proposes Quantum Particle Swarm + Single
Candidate Optimizer (QPSCO), a novel hybrid metaheuristic
that combines the global search capability of Quantum Particle
Swarm Optimization (QPSO) with the strong local exploitation
ability of the Single Candidate Optimizer (SCO). The proposed
approach jointly performs FS to reduce dimensionality and HPT
to improve classifier performance. Experiments were conducted
on the “Early Stage Diabetes Risk Prediction” dataset using
several Machine Learning classifiers. The results show that
QPSCO-optimized models consistently achieved competitive or
superior performance in terms of accuracy, precision, F1-score,
and AUC-ROC compared with related studies conducted under
similar experimental conditions. QPSCO-XGBoost achieved up
to 96.82% accuracy, 98.84% precision, 97.66% F1-score, and
98.32% AUC-ROC using nine selected features, while QPSCO-
MLP achieved 96.42% accuracy and 98.43% AUC-ROC using
only eight selected features under traditional cross-validation.
Comparative evaluation showed improved performance over
existing methods. Stratified Nested Cross-Validation (SNCV) with
SMOTE-NC provided more reliable performance estimates. By
selecting the most informative features, the proposed approach
proved effective for early T2DM detection.

Index Terms—Type 2 Diabetes Mellitus, Early Diagnosis,
Machine Learning, Feature Selection, Hyperparameter Tuning,
Metaheuristic, Quantum Particle Swarm Optimization, Single
Candidate Optimizer, Stratified Nested Cross-Validation.

I. INTRODUCTION

Diabetes is a disease characterized by abnormal regulation
of glucose, protein, and lipid metabolism resulting from either
an absolute or relative insulin deficiency [1]. It is typically
diagnosed by elevated blood glucose levels [2]. The dis-
ease is primarily categorized into two main types: Type 1
Diabetes and Type 2 Diabetes Mellitus (T2DM). Globally,
diabetes and its complications are responsible for more than
3.8 million deaths each year [3]. According to the World
Health Organization (WHO), diabetes has reached epidemic
proportions worldwide. In 2021, around 537 million people
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were living with diabetes [4]. By November 2024, this number
had surpassed 800 million [5]. Early detection and timely
intervention remain the most effective strategies for reducing
diabetes-related complications and mortality [6].

Artificial Intelligence (AI), particularly through Machine
Learning (ML) and Deep Learning (DL), has emerged as a
powerful tool in computer-aided diagnosis (CAD) [7]. Numer-
ous studies have explored AI-driven approaches for disease
detection and classification, including applications in brain
cancer diagnosis [8], breast cancer classification [9], coronary
artery disease diagnosis [10], and early diagnosis of diabetes
[11], among others. However, the predictive performance of
these systems heavily depends on two interlinked factors:
the relevance of selected features and the optimization of
hyperparameter settings for the employed models.

With the rapid accumulation of medical data, healthcare
professionals face increasing challenges in extracting relevant
insights efficiently [12]. Two major tasks have thus received
significant attention: Feature Selection (FS) and Hyperparam-
eter Tuning (HPT) [13]. FS aims to identify the most infor-
mative and non-redundant features, enhancing model inter-
pretability and reducing computational costs [14]. Meanwhile,
HPT involves configuring external parameters such as learning
rates, regularization strengths, or kernel functions which are
not learned during model training but have a substantial impact
on accuracy and generalization [15].

Both FS and HPT are NP-hard optimization problems that
often involve conflicting objectives. Metaheuristics have be-
come a practical solution for handling optimization problems
[16], [17]. Most prior studies address FS and HPT as sepa-
rate, sequential tasks, optimizing one while holding the other
fixed. When FS and HPT are addressed independently, the
interdependence between these two processes is disregarded,
preventing the model from attaining its optimal configuration.
It also makes the process computationally more intensive and
more likely to fall into local minima.

This study is motivated by the need to enhance early and
accurate T2DM diagnosis using ML models that are both
efficient and easily interpretable. By jointly optimizing FS
and HPT, the proposed method seeks to deliver compact yet
high-performing classifiers that are better suited for real-world
clinical applications.

This work proposes a novel hybrid metaheuristic method
to address the joint FS–HPT problem and improve ML-based
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diabetes diagnosis. The main contributions are summarized as:
• A novel hybrid metaheuristic, combining Quantum-

behaved Particle Swarm Optimization with the Single
Candidate Optimizer (QPSCO), is introduced to simul-
taneously address FS and HPT. The hybridization of
QPSO’s global exploration ability and SCO’s efficient
local refinement improves both convergence speed and
robustness.

• An Optimized Latin Hypercube Sampling (OLHS) strat-
egy is employed to generate a diverse and well-distributed
initial population, ensuring a more comprehensive explo-
ration of the search space.

• A reliable mapping method, Category-Switching Proba-
bility (CSP), translates particle positions into hyperpa-
rameter values of various types, allowing smooth transi-
tions across categorical parameters.

• As a secondary methodological contribution, we propose
an integration of SNCV with the Synthetic Minority
Over-sampling Technique for Nominal and Continuous
features (SMOTE-NC) algorithm oversampling confined
to training folds, designed to provide a reliable evaluation
under class-imbalance and feature-bias conditions

The rest of this work is organized as follows. Section II
reviews the relevant literature. Section III describes the mate-
rials and methodology used in this study. In Section IV, we
present the experimental setup and discuss the results through
a comparative analysis. Finally, Section V concludes the study
and highlights promising directions for future research.

II. RELATED WORK

Numerous recent studies have applied ML and DL tech-
niques to T2DM, with a particular focus on FS and HPT to
improve model performance.

Several works have concentrated solely on FS techniques to
identify the most relevant predictors of T2DM. For instance,
Yılmaz [18] used Pearson’s correlation and SelectKBest meth-
ods to find relationships between features and outcomes, real-
izing competitive accuracy on the ’Early Stage Diabetes Risk
Prediction dataset’. Ejiyi et al. [19] applied SHAP (Shapley
Additive Explanations) to determine feature importance in the
PIMA dataset, reaching an accuracy of 94%. Mercaldo et al.
[20] employed principal component analysis to reduce dimen-
sionality and compared models trained on selected versus full
feature sets. Ganie and Malik [21] incorporated correlation-
based analysis into an ensemble framework for early stage
T2DM detection.

Other research focused on optimizing model parameters
without explicit FS. Wijayaningrum et al. [22] employed the
improved crow search algorithm to tune MLP parameters,
achieving 95.38% accuracy. Alqushaibi et al. [23] proposed
a hybrid method combining Convolutional Neural Networks
(CNNs) with Bayesian optimization, while [24] introduced a
hybrid deep learning model combining a genetic algorithm,
Stacked Autoencoder, and a Softmax classifier. Their method,
which simultaneously optimized both model architecture and
hyperparameters, demonstrated high predictive accuracy of
0.987 on the ’Early Stage Diabetes Risk Prediction dataset’.

A small number of studies have explored FS and HPT
simultaneously. Navazi et al. [11] applied Particle Swarm
Optimization (PSO) for FS and used a metaheuristic for
tuning hyperparameters across Decision Tree (DT), K-Nearest
Neighbors (KNN), MLP, and Support Vector Machine (SVM),
with GA-optimized SVM achieving the best results (accuracy
= 0.934, F1 = 0.945). Olisha et al. [25] combined Spearman
correlation for FS with a grid search within a custom-designed
Deep Neural Network, which significantly improved predictive
accuracy on the PIMA dataset.

Other studies relied on standard classifiers or ensemble
methods without addressing FS or HPT. Laila et al. [26] com-
pared Random Forest (RF), Adaptive Boosting (AdaBoost),
and Bagging, with RF achieving the best performance (ac-
curacy = 0.971). Islam et al. [27], [28] and Nguyen et
al. [29] applied common ML models such as Naı̈ve Bayes
(NB), Logistic Regression (LR), MLP, and RF across various
datasets, often reporting RF as the top performer. Beyond
structured datasets, [30] developed a machine-learning-based
Health Cyber-Physical System (Health CPS) for early T2DM
prediction using wearable IoT data, while Swapna et al. [31]
applied CNN-LSTM models on ECG signals for pattern recog-
nition. Zheng et al. [32] proposed an ML framework combin-
ing Electronic Health Records (EHR) and traditional Chinese
medicine data, emphasizing multilevel feature engineering.
Mansoori et al. [33] found that the Bootstrap Forest (BF)
model performed best for T2DM prediction when relying on
hematological factors such as the triglyceride-glucose (TyG)
index.

Overall, these studies most closely align with prior work in
addressing FS and HPT separately or in applying optimization
techniques that are limited in their ability to balance global
exploration and local refinement. To address these limitations,
we propose a hybrid metaheuristic QPSCO that simultane-
ously performs FS and HPT by combining the global search
capability of QPSO with the local exploitation strength of the
Single Candidate Optimizer (SCO). The proposed approach is
applied to the ’Early Stage Diabetes Risk Prediction dataset’
and across nine widely used ML classifiers. Our work im-
proves both predictive accuracy and feature reduction. Table
I provides a comparative summary of related works and the
distinct contributions of our study.

III. MATERIALS AND METHODS

A. Dataset and Preprocessing
The dataset employed in this study is the ’Early Stage

Diabetes Risk Prediction dataset’, obtained from the Uni-
versity of California, Irvine Machine Learning Repository
[34]. It was collected with direct questionnaires administered
to patients at the Sylhet Diabetes Hospital in Bangladesh,
and subsequently validated by qualified medical professionals.
The dataset originally contains 520 instances with 16 fea-
tures (age, gender, polyuria, polydipsia, sudden weight loss,
weakness, polyphagia, genital thrush, visual blurring, itching,
irritability, delayed healing, partial paresis, muscle stiffness,
alopecia, and obesity). The target variable, denoted as class,
corresponds to the diagnostic outcome (Positive or Negative)
and is located in the 17th column.
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TABLE I
SIGNIFICANT DIFFERENCES BETWEEN THIS STUDY AND OTHERS

Papers Duplicates
removed

Feature selection ML-HPT Best methods Early Stage dataset

This paper ✓ ✓ ✓ QPSCO-MLP ✓

Navazi et al. [11] ✓ ✓ ✓ GA-SVM ✓

Bulbul et al. [24] — F. extraction ✓ GA-SEA-Sofmax ✓

Yilmaz [18] — ✓ — GA-XGBoost ✓

Laila et al. [26] — — — RF ✓

Zheng et al. [32] ✓ F. summarizing — RF,J48,SVM —

Mercaldo et al. [20] — ✓ — Hoeffding Tree —

Ferdousi et al. [30] — — — RF ✓

Ejiyi et al. [19] ✓ F. engineering — XGBoost,ADAboost —

Islam et al. [27] — — — RF ✓

Ganie et al. [21] — F. engineering — Bagged-DT —

Wijayaningrum et al. [22] — — ✓ MLP ✓

Olisah et al. [25] ✓ ✓ ✓ GS-2GDNN —

Nguyen et al. [29] ✓ — ✓ GS-RF —

Upon examination, the dataset contained no missing values
or evident outliers. However, 269 duplicate records were iden-
tified and removed. This is a noteworthy aspect, as duplicates
could otherwise bias the learning process and artificially inflate
performance metrics. After removing duplicates, 251 unique
instances remained, including 173 positive cases (diabetic
patients) and 78 negative cases (non-diabetic individuals),
described by 16 clinical and demographic attributes, resulting
in a feature-to-sample ratio of approximately 1:15.7. Further-
more, the proposed QPSCO framework incorporates feature
selection before classification, reducing the final feature subset
to between 5 and 10 predictors depending on the classifier.
The best-performing models retained only 8–10 features,
thereby substantially reducing the effective dimensionality of
the learning problem and mitigating the risk of the curse of
dimensionality despite the relatively limited sample size.

Given the resulting class imbalance, the SMOTE-NC al-
gorithm [35] was applied to generate synthetic minority-
class samples. Importantly, SMOTE-NC was applied only
within the training folds during cross-validation, ensuring that
no synthetic samples are introduced into the test folds and
preventing any data leakage during evaluation.

For preprocessing, label encoding was applied to the cat-
egorical variables, and the age feature was standardized to
normalize its distribution.

To explore potential interactions, we calculated a corre-
lation matrix to assess how each pair of features relates.
This approach highlights linear dependencies, helps eliminate
redundant variables, and reduces the chance of overfitting
[36]. As shown in Figure 1, all correlations were below 0.6,
indicating that the features overlap only minimally.

During the dataset analysis, an imbalance was observed
between the gender attribute and the target labels, indicating
a demographic distribution bias. Additional empirical evalua-
tions showed that retaining or removing the gender feature

produced no significant impact on the performance of the
proposed QPSCO-based models. Therefore, the feature was
preserved in this study, while the associated dataset-level
bias was explicitly acknowledged and considered within the
evaluation protocol.
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Fig. 1. Pairwise Feature Correlation Heatmap2

B. Proposed Method
In this study, we propose a hybrid optimization method

that simultaneously addresses feature selection and ML hy-
perparameter tuning. The proposed approach combines global
exploration of QPSO with local exploitation of the SCO.

To begin the search with a diverse population, we generate
candidates using OLHS. QPSO drives the search to promising
regions through its quantum dynamics. Upon identification of
a new global best solution, SCO is activated to perform precise
local refinement. QPSO and SCO keep a remarkable balance
between exploitation and exploration.
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The following subsections describe in detail the three main
components of the proposed hybrid approach: a QPSO-based
global exploration strategy; an SCO-based adaptive local
refinement; and an integrated QPSCO method for joint FS
and ML-HPT optimization.

1) The QPSO Algorithm : The QPSO algorithm, introduced
by Sun et al. [37], is an enhanced variant of the classical PSO
algorithm [38], inspired by principles of quantum mechanics.
Unlike the original PSO, which updates the velocity and
position of each particle, QPSO eliminates the velocity com-
ponent and updates particle positions using a quantum method.
This modification significantly improves the algorithm’s global
search ability and convergence characteristics. In QPSO, each
particle i updates its position according to equations 1 and 2.

P i = ϕ · pbesti + (1− ϕ) · gbest (1)

xt+1
i = P i + d · β ·

∣∣mbest − xt
i

∣∣ · ln( 1

u

)
(2)

where pbesti is the personal best position of particle i, gbest is
the global best position found by the entire swarm, ϕ ∈ [0, 1]D

is a random vector, each component independently sampled
from a uniform distribution U(0, 1), u ∈ [0, 1]D is another in-
dependent random vector with i.i.d. components from U(0, 1),
d ∈ {−1,+1}D is a random direction vector, where each
component is independently chosen with equal probability, β
is a contraction-expansion coefficient controlling convergence
behavior, mbest = 1

N

∑N
j=1 pbestj is the mean of all particles’

personal best positions, serving as a collective attractor. xt
i is

the current position of particle i at iteration t.
2) The SCO Algorithm: The SCO, introduced by Shami

in 2023 [39], is a unique type of metaheuristic. Instead of
relying on a large group (population) of solutions refined over
time, SCO guides its search using only a single candidate
solution.

The SCO algorithm manages its search by switching back
and forth between exploring new areas and refining existing
ones. By using a threshold α, which determines the number of
iterations. SCO focuses on exploitation, making the solution
updates more precise and localized. This shift is smoothed out
by a monotonically decreasing weight function that gradually
transitions the search behavior from exploration to exploita-
tion. Crucially, if a candidate solution ever ventures outside the
acceptable search space, it is immediately reset to the current
best solution to ensure it remains valid.

The update process is mathematically formalized within the
SCO method from Equation 3 to Equation 8 that define its
search dynamics and solution-refinement strategy.

xi =

{
gbesti + w · |gbesti| if r1 < 0.5

gbesti − w · |gbesti| otherwise
(3)

wj = exp

(
−
(

b · j
TSCO

)b
)

(4)

xi =

{
gbesti + w · r2 · (Ubi − Lbi) if r2 < 0.5

gbesti − w · r2 · (Ubi − Lbi) otherwise
(5)

xi =

{
gbesti + r3 · (Ubi − Lbi) if r3 < 0.5

gbesti − r3 · (Ubi − Lbi) otherwise
(6)

xi =

{
gbesti if xi < Lbi or xi > Ubi

xi otherwise
(7)

xi = Lbi + r4 · (Ubi − Lbi) (8)

where xi is the i-th dimension of the candidate solution,
gbesti is the i-th dimension of the global best solution,
r1, r2, r3, r4 ∼ U(0, 1) are independent random numbers
drawn from a uniform distribution, w is the weight controlling
the step size, defined in Eq. (4), b is the user-defined shape
parameter controlling the nonlinearity of the decay, j is the
current SCO iteration index, and TSCO is the total number of
SCO iterations, Lbi and Ubi are the lower and upper bounds
of the search space for dimension i.

3) The Hybrid QPSCO Method: To jointly address the dual
problems of FS and ML-HPT, we propose a hybrid metaheuris-
tic method that integrates the global search capability of QPSO
with the adaptive local refinement of SCO.

Our search begins by using OLHS in the normalized [0, 1]D

space to ensure we start with a diverse, well-distributed set
of initial solutions. Our QPSO strategy, which serves as the
global exploration, is enhanced by its β coefficient. Crucially,
whenever QPSO identifies a new global best solution (gbest),
the SCO local refinement component is activated, executing
the exploitation phase under the guidance of a low α param-
eter, thereby enabling precise local refinement of the current
best solution without expending computational resources on
extensive re-exploration.

This resulting hybridization strategy (Algorithm 1) effec-
tively leverages the global convergence of QPSO and the
improved precision in local solution refinement of SCO. This
combination enables the QPSCO method to achieve a strong
balance between exploration and exploitation, rendering it
particularly well-adapted.

4) Encoding of Particle Positions and OLHS-Based Initial-
ization: To initialize the optimization process, we employed
OLHS [40], which produces a well-structured, stratified distri-
bution of candidate solutions. Unlike purely random sampling,
OLHS ensures a stratified distribution across each dimension
of the search space. To ensure a well-distributed initial popula-
tion, we employed the Maximin criterion [41]. Essentially, this
technique maximizes the minimum distance between any two
points. This is a strategy that promotes solution diversity and
enhances overall optimization performance because it prevents
initial solutions from clustering, thereby setting the stage for
a more comprehensive exploration of the entire search space.

In the proposed hybrid QPSCO-based optimization method,
each particle’s position is encoded as a normalized continuous
vector ranging from 0 to 1. The vector length equals the
number of features in the dataset and the number of hy-
perparameters corresponding to the chosen classifier. Particle
positions are updated via the QPSCO update equations.
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The position vector is divided into two parts first, the FS
segment composed of 16 elements, each corresponding to a
feature in the dataset, where each value is passed through a
transfer function to yield a binary outcome (0 for non-selected
features and 1 for selected features). This mechanism allows
the algorithm to construct feature subsets during the search
process. Second, the HPT segment transforms each component
through a dedicated mapping function into valid classifier-
specific values, which may be continuous, integer, interval-
bounded, discrete, or categorical.

This joint encoding mechanism allows the seamless
integration of both FS and HPT within a unified QPSCO
method. Figure 2 illustrates the encoding of a particle’s
position vector and the decoding process used to extract the
FS mask and classifier-specific hyperparameters.

5) Objective Function: To evaluate a candidate solution,
the position vector Xt

i ∈ [0, 1]D is divided into two
parts; the first nf components represent the total number of
the feature in the dataset, while the remaining P compo-
nents encode the used classifier’s hyperparameters. A gen-
eral Transfer_function() is applied to the feature
segment to generate a binary selection mask. Similarly, a
Mapping_function() is used to interpret the hyperpa-
rameter component, translating each value into valid parameter
values of different types (continuous, integer, or categorical).
The resulting configuration is used to train the classifier using
only the selected features.

In a first classification performance evaluation we use k-
fold cross-validation and a multi-objective fitness score is
defined to maximize accuracy and feature selection compact-
ness (Sf ). In a second evaluation stage, SNCV with the
SMOTE-NC technique is employed alongside the traditional
cross-validation (2) to provide a more robust and unbiased
assessment of the models. The fitness function is calculated
as in Equation (9)

Fitness = ω · Accuracy + (1− ω) ·
(
1− Sf

Tf

)
(9)

where ω ∈ [0, 1] is a user-defined weighting factor that con-
trols the trade-off between classification accuracy and feature
compactness, and Tf is the number of total features.

6) Transfer Functions for Binary Conversion: In the con-
text of the FS problem, the QPSCO algorithm operates in a
continuous search space, whereas the FS problem is inherently
binary. To bridge this gap, a transformation mechanism known
as a transfer function [42] is employed to convert the con-
tinuous particle position into binary values. This mechanism
projects continuous search values into the range [0, 1] (Figure
2), after which a probabilistic thresholding scheme is applied
to determine whether a feature is selected (1) or discarded
(0). The method uses a fixed threshold of 0.5 presented in
Equation (10), where values above the threshold are mapped to
1 and the values below to 0 [43]. However, transfer functions
T (x) provide more flexible and adaptive binarization, enabling
smoother control over the conversion process. A widely used

stochastic binarization rule is expressed as in Equation (11).

xi =

{
1 if pi > 0.5

0 otherwise
(10)

Alternatively, transfer functions T (x) allow more flexible
control over the binarization process. A common stochastic
binarization rule is given by:

xi =

{
1 if T (pi) > r, r ∼ U(0, 1)
0 otherwise

(11)

The most frequently used transfer functions include:
• S-shaped function (sigmoid-based).
• V-shaped function (absolute hyperbolic tangent).
• U-shaped function (symmetric parabolic form).
• M-shaped function (based on hyperbolic secant).
• Z-shaped function (inverse sigmoid).
• Fixed threshold function (hard thresholding at 0.5).
7) Mapping Function: In the context of ML HPT using the

QPSCO metaheuristic, the challenge is to handle discrete and
categorical hyperparameters within a continuous search space.
For example, hyperparameters such as the number of trees
(in RF), the maximum depth(in XGBoost), or the activation
function (in MLP) cannot be directly modeled as continuous
variables.

To overcome this incompatibility, discrete hyperparameters
are managed through rounding operations (e.g., round()
or int()) and by clipping (clip()) to keep the values
in valid bounds. For categorical hyperparameters, the map-
ping function assigns each category a unique index from a
predefined set. This index-based encoding enables categorical
parameters to be integrated into the continuous search process
of population-based metaheuristics (Figure 2).

However, categorical variables introduce additional com-
plexity due to their unordered or partially ordered discrete
nature, which hinders smooth and continuous exploration of
the solution space. We propose a probabilistic mapping based
on a category transition mechanism, controlled by a novel
concept referred to as the Category-Switching Probability
(CSP), denoted as Pswitch. The CSP mechanism determines
whether a categorical value should remain unchanged or be
switched to another category during a particle update.

Unlike traditional deterministic mappings, the CSP frame-
work enables a more controlled and adaptive exploration of
the categorical search space.

Formally, at each iteration t, for any categorical hyperpa-
rameter xc ∈ C, where C is the finite set of possible categories,
the update rule is defined as:

x(t+1)
c =

{
x
(t)
c prob. 1− Pswitch,

Expl(x(t)
c ) prob. Pswitch,

(12)

where the function Expl selects a new category according to
one of the following strategies:

• Uniform random exploration: a new category x′
c ∈ C \

{x(t)
c } is selected uniformly at random, enabling a com-

plete transition away from the current value.
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• Neighborhood-based exploration (for ordered categories):
a neighboring category is chosen such that d(xc, x

′
c) ≤ 1

according to a predefined discrete distance metric, allow-
ing smooth and localized transitions.

Algorithm 1 QPSCO-based Optimization for FS and HPT
1: Input: Dataset (X, y), classifier type, number of features D, number of

particles N , maximum iterations T , SCO parameters (b, Tsco)
2: Output: Best solution (gbest), selected features, best model, and perfor-

mance metrics
3: Initialize particle positions xi, i = 1, . . . , N with OLHS
4: Initialize personal bests: pbesti ← xi, scores f(pbesti)
5: Initialize global best gbest← ∅ (or null)
6: for each iteration t = 1 to T do
7: for each particle i = 1 to N do
8: Evaluate fitness f(xi) using Algorithm 2
9: Update personal best:

10: if f(xi) > f(pbesti) then
11: pbesti ← xi

12: end if
13: Update global best:
14: if f(xi) > f(gbest) then
15: gbest← xi

16: Store best model, selected features, metrics
17: Initialize SCO parameters (α, counters)
18: for j = 1 to Tsco do
19: Compute adaptive weight w
20: Generate x using SCO update rules
21: Apply boundary control to x
22: Evaluate fitness f(x)
23: if f(x) > f(pbesti) then
24: Update pbesti ← x
25: end if
26: if f(x) > f(gbest) then
27: Update gbest← x
28: Update best model and metrics
29: end if
30: end for
31: end if
32: end for
33: Update particle positions using QPSO update rule
34: end for
35: Return gbest, best model, selected features, metrics

The CSP solution introduces and guarantees a real transition
into the bounds values of categorical parameters. To further
promote convergence, the switching probability Pswitch is pro-
gressively reduced over time according to a decay schedule
that gradually shifts the search behavior from exploration
to exploitation. A commonly adopted decay strategy can be
expressed by Equations (13) and (14).

Pswitch(t) = P0 · exp(−λ · t) (13)

or, alternatively, a linear decay strategy:

Pswitch(t) = P0 ·
(
1− t

Tmax

)
, for t ≤ Tmax, (14)

where P0 is the initial switching probability, t is the current
iteration, λ is the decay rate, and Tmax is the maximum number
of iterations.

Algorithm 2 Fitness Function with Dynamic SMOTE-NC and
SNCV Evaluation
1: Input: Particle x, dataset (X, y), number of features D
2: Output: score f(x), Selected features and metrics
3: Split Xi into feature segment Xf and H-Paramater segment Xh

4: Apply Transfer_function(Xf)
5: Apply Mapping_function(Xh)
6: Subset the dataset using FS mask
7: Construct stratification labels
8: Ensure resampling is applied only on training folds to prevent data leakage
9: Perform stratified K-fold cross-validation on Xs

10: for each fold (Dtrain,Dval) do
11: Split data: (Xtr, ytr), (Xval, yval)
12: Apply SMOTE/SMOTENC only on training set
13: Train model M on (Xres

tr , yrestr )
14: Predict labels ŷ on validation set
15: Compute probability scores p̂ if available
16: end for
17: Aggregate metrics over all folds
18: Compute fitness using Eq. (9)
19: Return f(x), selected features, and evaluation metrics

8) Evaluation Protocol: In this study, a clear distinction
is made between benchmarking performance using traditional
cross-validation [44] and deployment-oriented performance
estimation using SNCV. Medical datasets are often affected
by class imbalance and feature-level biases, which may com-
promise the reliability of model evaluation if not properly
addressed. In particular, the dataset used in this work exhibits
both an imbalanced target distribution and a non-uniform
gender representation.

To mitigate these issues, SMOTE-NC was applied ex-
clusively within the training folds, thereby preventing any
data leakage that could result from performing oversampling
prior to data partitioning, in line with recent best practices.
The nested design further ensures a strict separation between
hyperparameter optimization and final performance estimation,
thus eliminating selection bias. Within this framework, the
outer loop is used for unbiased evaluation, while the inner
loop is dedicated to QPSCO-based optimization restricted to
the training data only [45].

Stratification is enforced across both loops to preserve the
original class and gender distributions within each fold [46].
This design leads to a bias-aware and statistically reliable eval-
uation protocol that more accurately reflects the generalization
capability of the proposed models on unseen clinical data.

IV. EXPERIMENTAL STUDIES AND RESULTS

A. Experimental Studies

1) Configuration Details: The proposed QPSCO algorithm
demonstrated rapid convergence (Figure 3) when applied to
optimize relatively simple classifiers such as SVM, NB, DT,
LR, ADAboost and KNN. Satisfactory performance was typ-
ically achieved within 50 iterations using a swarm size of 30
particles for QPSO and 20 iterations for SCO (Table II).

To further evaluate the adequacy of the available sample
size, a post-hoc learning curve analysis was performed using
progressively larger stratified subsets containing 50, 100, 150,
200, and 251 samples. The complete SNCV-QPSCO optimiza-
tion process was repeated for each subset, and both the fitness
score and F1-score were recorded.
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As shown in Fig. 4, both metrics improve steadily as the
sample size increases and reach a stable region around 200
samples. Beyond this point, only marginal performance vari-
ations are observed, while the standard deviations continue to
decrease. This behavior suggests that the proposed framework
has reached a performance plateau under the current feature
space and that the available dataset size is sufficient to obtain
stable and reproducible predictive performance within the
adopted SNCV protocol. However, more complex classifiers
like RF, XGBoost and MLP required substantially more it-
erations (up to 90) to reach convergence. This difference in
convergence speed reflects the impact of the classifier’s inter-
nal complexity and the dimensionality of their hyperparameter
search space. Accordingly, a differentiated optimisation strat-
egy was adopted, where the maximum number of iterations
was dynamically adjusted based on the classifier’s complexity.
This ensured optimal allocation of optimization effort for each
model.

After several empirical tests, the weight parameter ω of the
objective function was empirically fixed at 0.95, providing a
balance between model accuracy and the number of selected
features. The coefficient β in QPSO was set to 0.9, to en-
courage exploration during the search, the SCO algorithm was
configured with a minimum α value to enhance exploitation.
Furthermore, the parameter b in SCO was set to 1.5, as
this value yielded superior performance during preliminary
experimental evaluations.
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Fig. 2. QPSCO Agent Position Processing

In the context of binary feature selection, several trans-
fer functions were also examined, including the classical S-
shaped, V-shaped, U-shaped, Mshaped, Z-shaped, and Gaus-
sian forms. Notably, a fixed-threshold binarization function
using a fixed threshold of 0.5, consistently produced superior
results in terms of both accuracy and convergence stability
compared to the other transfer functions.

To ensure a rigorous and bias-aware evaluation, the SNCV
scheme was adopted, consisting of 5 outer folds for unbi-
ased performance estimation and 3 inner folds dedicated to

hyperparameter optimization via the proposed metaheuristic.
Stratification was enforced to preserve the original class and
gender distribution in each fold. To address the dataset’s class
imbalance (173 positive vs. 78 negative instances), during each
outer SNCV iteration, SMOTE-NC was applied exclusively to
the training folds. The augmentation ratio was conservatively
limited to a maximum of 25% of the cleaned training parti-
tion (approximately 201 samples), thereby reducing the class
imbalance while avoiding excessive oversampling.

Fig. 3. QPSCO-SVM Convergence
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Fig. 4. Learning Curve of the SVM Classifier under the Proposed SNCV-
SMOTE Protocol

TABLE II
QPSCO PARAMETER SETTING

Parameter Values Selected

QPSO particles 10, 20, 30, 40, 50 30
QPSO iterations 30, 40, 50, 80, 100 50
SCO iterations 10, 15, 20, 30 20
β 0.5, 0.9, 1.0 0.9
b 0.8, 1.5, 3.0 1.5
ω 0.6, 0.8, 0.9, 0.95 0.95
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B. Results

1) Effectiveness of the QPSCO Hybrid Model and OLHS
Initialization Strategy: To validate the effectiveness of the
proposed QPSCO hybrid metaheuristic, we first compared
its performance against the standard QPSO algorithm, which
does not incorporate the SCO component. Both methods
were evaluated over several independent optimization runs
conducted under identical experimental settings.

As illustrated in Figure 5, the average convergence curve
of QPSCO consistently remains above that of QPSO, demon-
strating faster convergence and higher final fitness values.
This performance can be attributed to the integration of the
SCO algorithm, which enhances the swarm’s exploitation.
The results demonstrate that QPSCO effectively mitigates
premature convergence, enabling the swarm to escape local
optima and better explore the search space.

Beyond the hybridization effect, we also examined the influ-
ence of the initialization strategy on optimization performance.
Specifically, the OLHS initialization method was compared
to conventional random initialization. Two-dimensional visu-
alizations of the initial positions of 30 particles generated
by each approach reveal a distinct difference in distribution.
Random initialization (Figure 7) produces a scattered yet
clustered configuration, whereas OLHS (Figure 6) achieves
a uniform and well-stratified coverage of the search domain.

As illustrated in Figure 8, the convergence curve for OLHS-
based initialization consistently surpasses that of random ini-
tialization across multiple runs. The enhanced diversity and
spatial coverage offered by OLHS allow the swarm to explore
more regions of the search space and improve the reliability of
the search. These findings confirm that combining the QPSCO
hybrid model with OLHS initialization leads to a more effi-
cient, stable, and high-quality optimization process, providing
strong evidence of the method’s overall effectiveness.

2) Optimal Hyperparameters and Features Selected: Table
III summarizes the optimal hyperparameter configurations
obtained for each of the nine evaluated machine learning
classifiers after 30 independent optimization runs. For each
model, the corresponding subset of selected features is also
reported. These results reflect the configurations that yielded
performance.
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0.2 0.4 0.6 0.8 1.0
Dimension 1

0.0

0.2

0.4

0.6

0.8

1.0
D

im
e
n
si

o
n
 2

Fig. 7. Distributed initial population Random with 30 particles

0

0.920

0.930

0.910

0.905

Iterations

0.900

0.910

Fi
tn

e
ss

Random Init
OLHS Init

0.900

0.910

5 10 15 2520 35 4030

Fig. 8. Convergence SVM with OLHS and Random Initialization

3) Classifiers Performance with QPSCO Optimization Us-
ing Cross-Validation: To comprehensively evaluate the pro-
posed QPSCO-based hybrid metaheuristic, the experimental
results are organized into two complementary phases. In the
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first phase, the proposed method was applied with standard
cross-validation and without any resampling, across two ver-
sions of the dataset: the original preprocessed dataset including
duplicates (520 instances) and the cleaned dataset with dupli-
cates removed (251 instances). This phase aimed to benchmark
the proposed approach against well-established studies in the
Type 2 Diabetes prediction literature using the same nine ML
classifiers. In the second phase, the evaluation was conducted
exclusively on the cleaned dataset (251 instances) using the
proposed SNCV evaluation framework (5 outer / 3 inner folds)
with SMOTE-NC applied dynamically within the training
folds, assessing the robustness of the proposed metaheuristic
under controlled conditions that account for class imbalance
and feature bias. To ensure statistical reliability and mitigate
the stochastic nature of the optimization process, all reported
results represent the average performance over 30 independent
runs for each of the nine classifiers, allowing for a stable
and reproducible estimation of the proposed method’s gener-
alization capability. Across both phases, results are reported in
terms of the most discriminative performance metrics — Ac-
curacy, Recall, F1-score, AUC-ROC, Specificity — alongside
the feature reduction rate achieved by the proposed selection
mechanism. Table ?? presents the performance results of
the proposed method, averaged over 30 runs. All classifiers
improved both accuracy and feature reduction, with the MLP
classifier as the top-performing model, achieving the highest
average accuracy of 95.35% ± 0.87 and a best accuracy of
96.42%, along with strong F1 and specificity scores. The
RF, SVM, and XGBoost classifiers follow closely, achieving
accuracies of 95.45%, 95.44%, and 94.28%, respectively, with
best accuracies of 95.62% for SVM and 96.82% for XGBoost.
These results exhibit low variability across runs, indicating
stable and reproducible behavior of the proposed learning
framework under the SNCV evaluation protocol.

Beyond the top-performing models, other classifiers
demonstrated interesting trade-offs between feature reduction
and predictive performance. NB and LR, in particular,
achieved the lowest average number of selected features,
with means of 5.53 and 5.70, respectively (Figure 9), while
still attaining respectable average accuracies of 89.29% and
90.01%.

4) Impact of Class Imbalance Handling Strategies: To
evaluate the impact of class imbalance handling, experiments
were conducted comparing SMOTE-NC, class weighting, and
no balancing strategies (Table IV). SMOTE-NC achieved the
best overall performance in terms of fitness (87.77%), accu-
racy (90.79%), and F1-score (93.29%), while class weight-
ing produced comparable results and the highest ROC-AUC
(95.17%). The differences among the three strategies are
marginal.

These findings suggest that the performance of the proposed
framework is primarily driven by the joint FS and HPT
process, while remaining stable across different reasonable
imbalance-handling techniques, highlighting its robustness
within the evaluated experimental setting.

5) Statistical Significance and Ranking Analysis of Classi-
fiers: To rigorously evaluate the comparative performance of

TABLE III
OPTIMAL HYPERPARAMETER RANGES AND FEATURES SELECTED

ML Hyper-parameter Optimal Value FeaturesSelected

DT max depth 27 1,2,3,4,8,11,12,15
min samples split 4
min samples leaf 1

criterion entropy

RF n estimators 456 1,2,3,4,8,9,10,12,15,16
max depth 32

min samples leaf 1
min samples split 2

SVM C 8.995567 1,2,3,4,9,12,14,15
kernel rbf
gamma 0.923121

KNN n neighbors 8 2,3,4,8,9,11,14,16
metric P euclidean
leaf size 40

LR C 5.7375 2,3,4,13,15
penalty l2
solver lbfgs

max iter 252

NB var smoothing 0.000154 2,3,4,5,6

ADA n estimators 226 2,3,4,5,10,15
learning rate 0.633694824

XGB n estimators 203 1,2,3,4,8,9,10,14
max depth 3

learning rate 0.158574114
gamma 0.111300166

subsample 0.687959577
colsample bytree 0.935924143
min child weight 1

reg alpha 0.183904017

MLP num hidden layers 2 1,2,3,4,8,9,10,14,16
hidden layer1 size 27
hidden layer2 size 50

activation relu
alpha 0.002490153

max iter 300
solver lbfgs

the nine classifiers, we conducted a series of non-parametric
statistical tests. The Friedman test [47] was first applied to
assess whether significant differences existed among the nine
evaluated classifiers’ performance distributions. The resulting
p-value, well below the 0.05 threshold, confirmed the presence
of significant overall differences.

Subsequently, pairwise significance testing was conducted
using the Mann–Whitney U test [48] combined with the Holm
correction for multiple comparisons [49], as illustrated in
Figure 10. The heatmap of corrected p-values, where red cells
indicate statistically differences and blue cells denote non-
significant differences. Significance levels are represented as
follows p < 0.001 (highly significant), p < 0.01 (moderately
significant), and p < 0.05 (significant).

The analysis reveals that the SVM outperforms several
other classifiers, including RF, DT, KNN, LR, NB, and XG-
Boost, with statistically significant differences (p < 0.001
in most comparisons). Furthermore, RF also performs better
than DT, KNN, MLP, LR, and NB, with strong statistical
evidence. Comparisons between XGBoost and AdaBoost, as
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well as between DT and XGB, show no statistically significant
differences (p > 0.05). The analysis indicates that MLP,
XGBoost, RF and SVM are the best-performing classifiers for
maximizing predictive accuracy, while LR and NB are less
suitable when predictive precision is a primary objective.

TABLE IV
PERFORMANCE COMPARISON OF CLASS IMBALANCE HANDLING

STRATEGIES (QPSCO-SVM)

Strategy Fitness (%) Accuracy (%) F1-S (%) AUC (%)

No Balancing 87.60±1.14 90.32±1.07 92.99±0.81 94.68±1.80
Class Weighting 87.71±1.32 90.69±1.18 93.21±0.89 95.17±1.68
SMOTE-NC 87.77±1.44 90.79±1.37 93.29±1.02 95.01±1.76
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6) Performance Stability and Variability Across Models:
The boxplot analysis [50] (Figure 11) conducted across 30
independent runs highlights notable differences in the stabil-
ity. The XGB model exhibits the largest interquartile range
(IQR), indicating higher variability and greater sensitivity to
stochastic factors during optimization. In contrast, both MLP
and SVM exhibit narrower IQRs, indicating high stability and
performance, with SVM showing no outliers.

While MLP demonstrates generally reliable behavior, XG-
Boost and LR distributions are right-skewed, with upper
whiskers extending beyond the boxes, suggesting that some
runs achieved exceptionally high results relative to the median.

Overall, this analysis shows that SVM and MLP deliver
the most stable yet high-performing results, whereas XGB
and LR exhibit greater variability, and AdaBoost and Naive
Bayes demonstrate the highest reliability at the expense of
lower predictive accuracy.
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Fig. 10. Pairwise Statistical Significance (Mann–Whitney U, Holm correction)
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The graph in Figure 12 reveals a reduction in fitness perfor-
mance when using SNCV with SMOTE-NC compared to tra-
ditional 5-fold Cross-Validation. This reduction is expected, as
SNCV applies a stricter and more reliable evaluation protocol
that prevents information leakage between training and testing
phases, leading to more realistic estimates of generalization
performance.

In contrast, traditional cross-validation often yields overly
optimistic results due to implicit overfitting during feature se-
lection and hyperparameter optimization. The use of SMOTE-
NC also increases the learning complexity by generating
synthetic minority samples, forcing the models to learn more
generalizable decision boundaries rather than overfitting to
dominant class patterns.

Although an overall decrease in performance is observed
under SNCV, the relative ranking of classifiers remained
largely consistent, with RF, SVM, and MLP still achieving
the best performance. This confirms the stability and reliability
of the proposed QPSCO-based optimization framework under
rigorous evaluation conditions.
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TABLE V
HYBRID QPSCO-ML CLASSIFIER RESULTS USING CROSS-VALIDATION

QPSCO-ML Classifier Fitness∗(%) Accuracy(%) Precision(%) Recall(%) F1 Score(%) Specificity(%) AUC-ROC(%) Selected Features

MLP Mean 92.88 ± 0.77 95.35 ± 0.87 97.27 ± 0.73 96.02 ± 1.33 96.60 ± 0.67 93.93 ± 1.66 97.41 ± 0.84 8.64 ± 1.14

— Best 94.09 96.42 97.70 97.13 97.40 94.83 98.43 8

RF Mean 92.69 ± 1.12 95.45 ± 1.52 97.32 ± 1.55 96.11 ± 1.09 96.68 ± 1.10 94.08 ± 3.65 97.33 ± 1.29 9.57 ± 1.83

— Best 93.34 95.62 97.65 95.98 96.79 94.92 96.33 8

SVM Mean 92.48 ± 0.90 95.44 ± 1.04 97.30 ± 1.22 96.12 ± 0.86 96.67 ± 0.75 93.97 ± 2.84 97.38 ± 1.31 10.20 ± 1.58

— Best 93.03 95.62 97.65 95.95 96.79 94.92 97.90 9

XGB Mean 92.12 ± 1.71 94.28 ± 2.21 96.11 ± 2.61 95.76 ± 1.20 95.86 ± 1.56 91.14 ± 6.08 96.76 ± 1.64 7.83 ± 1.72

— Best 94.17 96.82 98.84 96.55 97.66 97.50 98.32 9

KNN Mean 91.23 ± 0.52 93.82 ± 0.84 94.53 ± 1.20 96.75 ± 1.20 95.57 ± 0.59 87.45 ± 3.02 94.20 ± 2.03 9.27 ± 1.78

— Best 91.83 94.03 93.47 98.24 95.77 84.83 91.53 8

DT Mean 90.45 ± 1.26 91.87 ± 1.75 95.66 ± 2.84 92.66 ± 1.50 94.01 ± 1.19 90.33 ± 6.66 93.14 ± 1.44 5.87 ± 1.66

— Best 92.51 94.42 98.78 93.08 95.78 97.50 94.72 7

LR Mean 88.73 ± 0.47 90.01 ± 0.61 91.81 ± 0.70 94.24 ± 0.63 92.88 ± 0.39 81.00 ± 2.10 94.40 ± 0.57 5.70 ± 0.95

— Best 89.74 90.85 91.91 95.41 93.51 81.08 94.10 5

ADA Mean 88.55 ± 0.27 89.93 ± 0.46 91.80 ± 0.75 94.12 ± 0.61 92.81 ± 0.26 80.99 ± 2.24 94.77 ± 0.62 6.03 ± 1.05

— Best 89.12 90.85 92.32 94.84 93.46 82.33 95.48 7

NB Mean 88.10 ± 0.76 89.29 ± 0.98 92.96 ± 1.35 91.64 ± 2.57 92.14 ± 0.87 84.34 ± 3.65 93.27 ± 1.31 5.53 ± 1.63

— Best 89.67 90.45 92.30 94.25 93.15 82.33 94.14 4

∗Fitness = ω · Accuracy + (1− ω) ·
(
1− Sf

16

)
TABLE VI

HYBRID QPSCO-ML CLASSIFIER RESULTS USING SNCV AND SMOTE-NC

QPSCO-ML Classifier Fitness∗(%) Accuracy(%) Precision(%) Recall(%) F1 Score(%) Specificity(%) AUC-ROC(%) Selected Features

RF Mean 87.92 ± 1.92 90.85 ± 1.76 94.97 ± 1.00 91.70 ± 1.85 93.22 ± 1.37 89.14 ± 2.08 95.28 ± 1.71 10.86 ± 1.07

— Best 89.68 92.43 95.97 93.09 94.41 91.17 95.37 10

SVM Mean 87.60 ± 1.14 90.32 ± 1.07 92.95 ± 1.09 93.23 ± 1.64 92.99 ± 0.81 83.98 ± 2.77 94.68 ± 1.80 10.27 ± 1.72

— Best 89.21 91.27 94.14 93.11 93.55 87.33 94.21 8

MLP Mean 87.11 ± 1.59 89.26 ± 1.71 94.02 ± 1.22 90.33 ± 1.99 92.02 ± 1.33 87.04 ± 2.75 94.40 ± 1.62 8.60 ± 1.19

— Best 90.02 92.45 95.95 93.14 94.39 91.17 97.78 9

XGB Mean 86.50 ± 1.45 88.62 ± 1.47 94.06 ± 1.08 89.33 ± 1.71 91.45 ± 1.15 87.26 ± 2.43 93.96 ± 1.19 8.63 ± 1.39

— Best 88.80 90.84 94.81 91.97 93.16 88.42 94.46 8

ADA Mean 85.20 ± 1.14 86.45 ± 1.04 91.73 ± 1.26 89.00 ± 0.67 89.99 ± 0.69 81.29 ± 3.48 92.70 ± 0.99 6.17 ± 1.47

— Best 86.39 87.65 92.57 89.66 90.86 83.58 93.93 6

NB Mean 84.61 ± 1.18 85.74 ± 1.20 91.96 ± 1.15 87.10 ± 1.26 89.33 ± 0.89 82.85 ± 2.70 91.30 ± 0.86 5.90 ± 1.21

— Best 86.72 87.66 92.78 89.09 90.80 84.67 92.61 5

KNN Mean 84.57 ± 1.61 86.65 ± 1.71 90.71 ± 1.42 90.28 ± 2.14 90.25 ± 1.30 78.89 ± 3.57 90.27 ± 2.19 8.77 ± 1.63

— Best 88.04 90.04 92.32 93.66 92.83 82.33 94.09 8

DT Mean 84.52 ± 1.99 86.20 ± 2.08 92.92 ± 1.88 86.97 ± 2.15 89.59 ± 1.57 84.71 ± 4.40 90.97 ± 2.11 7.60 ± 1.04

— Best 88.02 90.02 95.19 90.17 92.50 89.67 92.73 8

LR Mean 83.51 ± 1.81 84.56 ± 1.70 91.72 ± 1.24 85.60 ± 1.91 88.38 ± 1.34 82.51 ± 2.86 92.19 ± 1.34 5.83 ± 1.46

— Best 87.08 88.05 93.38 89.03 91.12 86.00 94.47 5
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Fig. 12. Comparative Fitness Evaluation of QPSCO-Based Classifiers Using 5-Fold Cross-Validation and SNCV with SMOTE-NC

TABLE VII
EXPERIMENTAL COMPARISON WITH RELATED WORK ON THE SAME DATASET WITHOUT DUPLICATES

Study Method Accuracy(%) Precision(%) Recall(%) F1-Score(%) Specificity(%) AUC-ROC(%) Selected Features

Navazi et al. [11] GA-SVM 93.42 95.56 93.48 94.51 93.33 93.41 9

Our model. QPSCO-XGB 96.82 98.84 96.55 97.66 97.50 98.32 9

Our model. QPSCO-MLP 96.42 97.70 97.13 97.40 94.83 98.43 8

Our model. QPSCO-RF 95.62 97.65 95.98 96.79 94.92 96.33 8

Our model. QPSCO-SVM 95.62 97.65 95.95 96.79 94.92 97.90 9

TABLE VIII
EXPERIMENTAL COMPARISON WITH RELATED WORK ON THE SAME DATASET WITHE DUPLICATES

Study Method Accuracy(%) Precision(%) Recall(%) F1 Score(%) Specificity(%) AUC-ROC(%) Selected Features

Ferdousi et al. [30] RF 94.00 100 85.18 92.00 100 — 16

Wijayaningrum et al. [22] MLP 95.38 — — — — — 16

Laila at al. [26] RF 97.11 97.10 97.10 97.10 — — 16

Yılmaz [18] GA-XGBoost 97.23 — — 97.00 — — 10

islam et al. [27] RF 97.40 — — — — — 16

Bulbul et al. [24] GA-SAE-Softmax 98.72 98.11 98.11 98.11 99.02 — 16

Our Model QPSCO-RF 98.46 98.45 99.06 98.75 97.50 98.54 7

Our Model QPSCO-XGB 98.46 99.06 98.44 98.75 98.50 99.11 8

Our Model QPSCO-MLP 98.08 97.87 99.06 98.45 96.50 99.28 9

Our Model QPSCO-SVM 98.08 96.98 100.00 98.46 95.00 98.30 9

C. Comparative Evaluation and Discussion

As shown in Table VII, our proposed QPSCO-MLP,
QPSCO-XGBoost, QPSCO-RF and QPSCO-SVM models out-
perform the GA-SVM method by Navazi et al. (2023) [11]
under identical preprocessing and evaluation conditions when
available, across all major evaluation metrics, including accu-
racy (96.42%, 96.82% and 95.62% vs. 93.42%), recall, F1

score, and AUC-ROC. Importantly, both studies employed
the ’Early Stage Diabetes Risk Prediction dataset’ (without
duplicate samples). Furthermore, some of our models achieve
these superior results while using fewer features (8 vs. 9),
demonstrating higher efficiency and a more compact feature
representation.

In Table VIII, the same set of models are compared with
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several recent studies that, like ours, used the“Early Stage
Diabetes Risk Prediction” dataset, which contains duplicated
records. Our method achieved 98.46% accuracy with QPSCO-
RF and QPSCO-XGBoost and 98.08% with QPSCO-MLP
and QPSCO-SVM, all using only 7 to 9 selected features.
These results outperform most existing methods, such as GA-
XGBoost (97.23%) and Random Forest (97.40%). The only
study reporting slightly higher accuracy, Bulbul et al. [24]
(98.72%), employed a much more complex deep hybrid
architecture (GA-SAE-Softmax) with all 16 features. This
comparison further underscores the efficiency and predictive
strength of our proposed QPSCO-based method.

Although the use of SNCV evaluation with SMOTE-NC
reduced the overall performance compared with traditional
cross-validation, the observed performance reduction is at-
tributable to two complementary factors: the nested cross-
validation structure eliminates optimistic bias inherent in
standard evaluation, while the application of SMOTE-NC
increases the complexity of the learned decision boundaries
by exposing the models to synthetically balanced class distri-
butions. Consequently, the resulting estimates, although more
conservative, are statistically more reliable and better reflect
true generalization capability. Unlike conventional validation
methods, SNCV maintains a clear separation between hy-
perparameter tuning and final testing while preserving class
distribution in each fold. As a result, it helps reduce overfitting
and provides more reliable performance estimates, especially
for imbalanced medical datasets. Therefore, despite the slight
reduction in results, this evaluation strategy improves the
fairness and credibility of the experimental findings.

V. CONCLUSION

This study proposes a novel hybrid metaheuristic, QPSCO,
designed for the simultaneous optimization of FS and HPT
for early detection of T2DM. By combining the global search
capability of QPSO with the strong local refinement mech-
anism of SCO, the proposed method achieves an effective
balance between global exploration and local exploitation
within the solution search space. The experimental results
clearly demonstrate that the ML models optimized using
QPSCO consistently surpass conventional models. Moreover,
when compared with established models such as MLP ,XG-
Boost, SVM and Random Forest, QPSCO achieved results that
were comparable or superior while relying on a significantly
reduced subset of features. These results clearly show that the
proposed approach is solid and reliable, while also helping
to achieve better accuracy and a clearer understanding of
how the model works, both of which are critical factors in
medical diagnosis. To further strengthen the reliability of the
evaluation, a SNCV evaluation was adopted, combined with
SMOTE-NC applied exclusively within training folds. This
protocol provides a more rigorous assessment of the proposed
models and confirms the robustness of QPSCO under realistic
and clinically relevant conditions. Future work will focus
on applying QPSCO to larger and more diverse datasets to
improve its generalization in real clinical settings and make it
a promising tool for computer-aided diagnosis. Additionally,

the extension of QPSCO to other domains, including computer
vision, natural language processing, and cybersecurity will be
investigated.
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