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This study presents a hybrid, metaheuristic-driven optimization framework for
power hyperparameter tuning in predictive modeling based on large-scale an-
nual health examination data. Different from conventional grid and random
search strategies, the proposed method directly incorporates particle swarm
optimization, artificial bee colony, and gravitational search algorithm into the
training pipeline of multiple machine learning models, enabling adaptive ex-
ploration of high-dimensional parameter spaces under clinical data constraints.
The approach was evaluated on a comprehensive dataset comprising 93 clin-
ical attributes and 1,000 patient records, with a specific focus on ischemic
stroke risk prediction. Random Forest, decision tree, support vector machine,
and logistic regression models were optimized using the proposed hybrid struc-
ture and benchmarked against baseline configurations. Experimental results
demonstrate consistent and statistically significant reductions in mean squared
error, mean absolute error, and root mean squared error, alongside improve-
ments in R2 and classification accuracy exceeding 99% for optimized logistic
regression models, while maintaining computational efficiency suitable for rou-
tine clinical deployment. Beyond performance gains, the study introduces a
stacked ensemble architecture guided by metaheuristic-tuned base learners,
enhancing model robustness and generalization across training and indepen-
dent test sets. These findings demonstrate the practical novelty of integrating
swarm and numerical optimization into clinical predictive pipelines, providing
a scalable and domain-agnostic solution for high-accuracy risk decision support
in preventive healthcare and other data-intensive applications.
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1. Introduction

In the realm of predictive analytics for health-
care, accurate forecasting of medical outcomes
has become increasingly critical due to the grow-
ing volume and complexity of patient data. The
study aims to enhance the precision of predictive

models by integrating machine learning (ML) al-
gorithms with metaheuristic optimization strate-
gies. In particular, this method focuses on im-
proving parameter selection for models applied to
general medical examinations, leveraging power-
ful hybrid methods that combine the strengths
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of both domains. The study recently focused on
trends in clinical follow-up and care-seeking be-
havior among patients diagnosed with ischemic
stroke. A retrospective cohort design was used,
drawing on data from the Japan Medical Data
Center database.1

An innovative metaheuristic optimization al-
gorithm was developed as part of the enter-
prise development (ED) process, which integrates
tasks, organizational structure, technology, and
interpersonal dynamics. This algorithm employs
a switching activity approach to iteratively re-
fine solutions during the search process.Truong2024

Various metaheuristic strategies have been ex-
plored to enhance the performance of thermo-
electric generators, with both single- and multi-
objective optimization applied to improve power
generation and efficiency.3 In a subsequent phase,
a simulation-based methodology was introduced
to evaluate the performance of different meta-
heuristic techniques, including simulated anneal-
ing (SA), evolutionary algorithms (EA), and ge-
netic algorithms (GA).4 Metaheuristic optimiza-
tion algorithms have gained significant traction
due to their robust performance across a broad
spectrum of optimization problems. Neverthe-
less, their application to real-world scenarios often
presents challenges that demand comprehensive
evaluation and refinement.5

Additionally, a multi-objective water resource
optimization model, grounded in metaheuristic
principles, was developed for the Manas River ir-
rigation zone in Xinjiang, China.6 Although the
arithmetic optimization algorithm is conceptually
simple and inspired by mathematical principles,
this method has shown potential in addressing
complex real-world problems. However, critical
assessments have also highlighted common design
limitations across many existing metaheuristics.7

Many real-world optimization problems manifest
as mixed-variable optimization problems, involv-
ing both continuous and discrete variables. A dis-
tinctive challenge of mixed-variable optimization
problems lies in managing variable-size search
spaces associated with dimensional variables.8 In
transportation planning, a multi-stage iterative
framework was proposed, such as the high speed
rail station location and alignment optimization
framework, decomposing the problem into key
subcomponents: identification of potential cor-
ridors, station placement, corridor sequencing,
and collision-free alignment (both horizontal and
vertical).9

A novel optimizer known as the newton-
raphson-based optimizer (NRBO) was developed
by integrating the trap avoidance operator and

Newton–Raphson search rule, guided by matrix
operations to enhance solution quality.10 Fur-
ther advancements in automated algorithm de-
sign were achieved through a flexible algorith-
mic architecture that supports automatic config-
uration and instantiation of metaheuristics.11 In
medical applications, especially breast cancer di-
agnostics, ML technologies have played a pivotal
role in early detection. Feature selection tech-
niques have proven essential in improving clas-
sification accuracy, reducing data dimensional-
ity, and enhancing model interpretability.12 In
the context of fog computing, optimal fog de-
vice deployment is critical for ensuring network
coverage and connectivity, both of which signif-
icantly affect quality of service. An efficient fog
device deployment method was proposed to mini-
mize computational and communication overhead
while maximizing internal fog communication and
edge device accessibility.13 For balanced diabetic
datasets, Particle swarm optimization (PSO) was
employed, along with a genetic-based approach
for selecting optimal architectures across multiple
classifiers.14

Metaheuristics have been extensively uti-
lized to address non-deterministic polynomial-
hard problems in various domains. In network-
on-chip architectures, these techniques help op-
timize performance parameters.15 A comparative
study of ten ML models, including AdaBoost,
Bagging, CatBoost, and XGBoost, that high-
lighted the effectiveness of metaheuristic-assisted
optimization.16 For manufacturing applications,
such as drilling microholes in glass epoxy com-
posites, a combination of metaheuristic algo-
rithms and central composite design techniques
was used to enhance quality metrics like smooth-
ness and deviation. The outcomes were further
validated through Bayesian regularization-based
ML models.17 Despite their versatility, the sto-
chastic nature of metaheuristic algorithms makes
them problem-dependent, thereby limiting their
applicability in certain scenarios.18 Nevertheless,
they remain a powerful tool for data mining, par-
ticularly in feature selection. Feature selection
helps eliminate redundant variables while preserv-
ing those crucial for model performance. For ex-
ample, the dingo optimization algorithm has been
applied for FS on stock market datasets, demon-
strating effective dimensionality reduction.19

To address challenges in high-dimensional op-
timization, a novel algorithm, quasirandom meta-
heuristic based on fractal search, was introduced.
This method utilizes low-discrepancy sequences
and fractal geometry to improve convergence.20
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Table 1. Summary of the shortlisted annual healthcare dataset

ECG Thyroid gland Height Weight Vain Blood pressure I E Eyes

2 Tirads 1 165 60 78 130/80 A B A
2 Tirads 2 165 60 78 128/80 A B A
2 Tirads 2 75 64 90 135/74 A B A
2 Tirads 1 160 44.5 100 109/74 A B F
3 Tirads 1 168 68.8 98 140/85 A B A
2 Tirads 3 180 73 64 129/81 A B A
2 Tirads 3 161 65.3 63 160/89 A B A
2 Tirads 2 167 73 64 130/81 A B A
3 Tirads 1 177 65.3 63 110/89 A B A
2 Tirads 2 157 65.3 63 127/89 A B A

Notes: The dataset comprises 93 attributes and 1,000 records. Certain variables
were coded to protect sensitive information. Abbreviations: A: No abnormal
findings; B: Not detected; E: External department; ECG: Electrocardiogram;
F: History of surgery.

Four other innovative algorithms, such as tyran-
nosaurus optimization algorithm, nutcracker op-
timization algorithm, golden eagle optimizer, and
jellyfish search optimizer were designed for solv-
ing multi-objective problems.21 In the context of
university energy management, integrated artifi-
cial intelligence models, metaheuristics, and data
augmentation were employed for accurate long-
term energy usage forecasting.22 For biotechno-
logical applications, six ML models, including
random forest, extreme gradient boosting, and
kernel ridge regression, were used in conjunction
with optimization techniques to improve lipase
production predictions.23 A novel metaheuristic,
the tactical unit algorithm, was proposed to solve
the optimal chiller loading problem, reducing en-
ergy consumption and carbon emissions in energy
systems.24

The hiking optimization algorithm, inspired
by hikers navigating rugged terrains, offers
a new perspective on navigating optimization
landscapes.25 In thermal engineering, ultra-thin
vapor chambers (UTVC) benefit from data-driven
models that predict thermal resistance with
high precision.26 A topology-informed approach
was developed to enhance PSO and SA using
topological data analysis, guiding search pro-
cesses via persistence diagrams and kernel density
estimations.27 Other studies also underscore the
utility of metaheuristics in feature selection and
optimization problems.28,29 High-dimensional
datasets often contain noisy or irrelevant fea-
tures, which can degrade model performance.
Metaheuristics such as ant colony optimization,
PSO, and genetic algorithms effectively navigate
complex search spaces to identify optimal fea-
ture subsets. One application of this approach

involved optimizing Random Forest hyperparam-
eters using PSO on the breast cancer dataset.
The fitness function, employing five-fold cross-
validation, evaluated combinations of max depth
and n estimators over 20 iterations, identifying
the configuration with the highest classification
accuracy. Similarly, these techniques can be ex-
tended to other ML models such as support vector
machine (SVM) XGBoost, and Neural Networks,
with flexibility to incorporate various evaluation
metrics (e.g., F1-score, area under the curve of
the receiver operating characteristic curve) based
on specific domain requirements.

For improved computational efficiency, par-
allel processing can be utilized, particularly for
large-scale or complex models. An example of this
approach was applied to a dataset derived from
library patron interactions, as shown in Table 1.
For improved computational efficiency, parallel
processing can be utilized, particularly for large-
scale or complex models. As a case study, we
applied this strategy to the yearly health check
dataset summarized in Table 1. In the industrial
sector, a framework integrating deep learning and
metaheuristic optimization was proposed for de-
signing packed bed latent heat storage systems.
The deep learning model, trained on data from
validated computational fluid dynamics simula-
tions, predicts system performance [30]. To ad-
dress global optimization and engineering design
challenges, the convex combination search algo-
rithm was introduced. Built on the principles
of linear convex combinations, the convex com-
bination search algorithm balances exploration
and exploitation with only two parameters: pop-
ulation size and number of generations. It has
demonstrated robustness and effectiveness across
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17 unconstrained multimodal and seven con-
strained benchmark problems.31 In the domain
of traffic safety, radar and lidar-based real-time
speed detection systems have proven effective in
enforcing speed limits, thereby reducing the risk
of accidents.32 Finally, the arctic puffin optimiza-
tion algorithm, inspired by the behavioral ecol-
ogy of puffins, combines underwater foraging (ex-
ploitation) with aerial exploration enhanced by
Levy flight and velocity strategies. These mecha-
nisms improve convergence rates and escape from
local optima, making arctic puffin optimization
a promising candidate for complex optimization
tasks.33–35

The main focus of this study is an optimiza-
tion problem, where features most strongly asso-
ciated with ischemic stroke and its related risk
factors are selected. PSO, GA, and gravitational
search algorithm (GSA) are employed to iden-
tify the features most relevant to the targets. In
the next step, the selected features are used to
build a prediction model, which is then compared
with a model based on the previous set of fea-
tures to evaluate performance improvements. The
best parameters are selected based on their effec-
tiveness in handling numerical inputs.36–41 These
models are evaluated on their ability to predict
outcomes using data obtained from annual medi-
cal examinations, optimizing performance metrics
such as mean squared error (MSE), mean absolute
error (MAE), root mean squared error (RMSE),
and R2 score. With the increasing emphasis on
annual health checkups as a preventive healthcare
measure, optimizing the interpretation of health
screening data has emerged as a pressing concern.

2. Fundamental definitions

Scikit-opt (also known as Sko) is a Python module
that includes swarm intelligence algorithms, in-
cluding artificial fish swarm, ant colony, immune,
simulated annealing, genetic, and PSO. An algo-
rithm for swarm optimization is called Swarm-
PackagePy. Each of the 14 optimization tech-
niques included, such as the artificial bee algo-
rithm, PSO, and GSA, can be applied to address
specific optimization problems. The algorithms
share a common set of parameters: N , function
is the test function, lb and ub are the lower and
upper bounds for the plot axes, dimension is the
space dimension, and iteration is the number of it-
erations. Common methods across all algorithms
include ge agents(), which returns the history of
all agents, and get Gbest(), which returns the
best position found by the algorithm.

Particle swarm optimization (PSO): As
shown in Equation. 7, PSO is based on simulat-
ing the movement of particles in a search space,
adjusting their positions based on personal and
global best solutions.

Velocity update: The velocity of each parti-
cle vi is updated based on the particle’s previous
velocity, the best position found by the particle
itself, and the best position found by any particle
in the swarm.

vi(t+1) = wvi(t)+c1r1(pi−xi(t))+c2r2(g−xi(t)),
(1)

where vi(t) is the velocity of particle i at time step
t, w is the inertia weight, c1, c2, are acceleration
constants, r1, r2 are random values between 0 and
1, pi is the best position of particle, g is the global
best position found by the swarm.

Position update: The position of each particle
is updated based on its velocity.

xi(t+ 1) = xi(t) + vi(t+ 1), (2)

where xi(t) is the position of particle i at time
step t.

3. Artificial bee algorithm

As shown in Equation. 12, the ABC algorithm is
an optimization algorithm inspired by the forag-
ing behavior of honeybees. It is widely used for
solving numerical and combinatorial optimization
problems. The algorithm consists of three main
phases: the employed bee phase, the onlooker
bee phase, and the scout bee phase. In the em-
ployed bee phase, each bee searches for a new
food source (solution) by modifying its current
solution based on another randomly chosen so-
lution. If the new solution is better, it replaces
the old one; otherwise, the bee retains its current
position. Next, in the onlooker bee phase, the
onlooker bees evaluate the solutions found by the
employed bees and select promising ones based on
a probability proportional to their quality. They
then perform local searches to refine the selected
solutions. Finally, in the scout bee phase, if a
solution does not improve after a certain num-
ber of iterations, it is abandoned, and the scout
bees randomly generate a new solution to explore
other potential areas in the search space.

A population of N food sources (solutions) is
randomly generated in the search space:

Xi,j = Xmin,j + rand(0, 1)× (Xmax,j −Xmin,j),
(3)

where Xij is the position of the ith food source

in the ith dimension. Xmin,j and Xmax,j are
the lower and upper bounds of the search space.
rand(0, 1) is a random number between 0 and 1.
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Each employed bee searches for a new food
source near its current position by updating its
position as:

Vi,j = Xi,j + ϕi,j × (Xi,j −Xk,j), (4)

where Vi,j is the new candidate solution, Xi,j is
the current food source position, and Xk,j is a
randomly generated number in the range [−1, 1].
If the new solution Vi,j has a better fitness value
than the old one, it replaces Xi,j .

The probability of selecting a food source is
determined by its fitness:

Pi =
fi∑N
j=1 fj

, (5)

where Pi is the probability of selecting food source
i, fi is the fitness value of the i

th food source, and
N is the number of food sources. The observers
select food sources according to Pi and generate
new solutions using the same formula as the bees
employed.

If a food source is not improved for a certain
number of cycles (limit parameter), it is aban-
doned, and a scout bee randomly generates a new
food source:

Xi,j = Xmin,j + rand(0, 1)× (Xmax,j −Xmin,j).
(6)

The algorithm iterates through these phases un-
til a stopping condition is met, such as reaching
the maximum number of iterations or finding a
satisfactory solution.

3.1. Particle swarm optimization
mathematical model

Let a swarm of N particles search in a d-
dimensional space. The position and velocity of
particle i at iteration t are denoted by Xi(t) ∈ Rd

and Vi(t) ∈ Rd, respectively.

Initialization:

Xi(0) ∼ U(Xmin, Xmax),

Vi(0) ∼ U(−Vmax, Vmax)

Pbesti(0) = Xi(0),

Gbest(0) = arg min
Pbesti(0)

f(Pbesti(0))

Velocity and position update: For t =
0, 1, . . . ,Max Iter− 1:

Vi(t+ 1) = w(t)Vi(t) + c1r1(t)
(
Pbesti(t)−Xi(t)

)
+ c2r2(t)

(
Gbest(t)−Xi(t)

)
Xi(t+ 1) = Xi(t) + Vi(t+ 1),

where r1(t), r2(t) ∼ U(0, 1).

Boundary constraint:

xij(t+ 1) =


Xmin,j , xij(t+ 1) < Xmin,j

Xmax,j , xij(t+ 1) > Xmax,j

xij(t+ 1), otherwise

Fitness evaluation and best updates:

fi(t+ 1) = f
(
Xi(t+ 1)

)

Pbesti(t+ 1) =


Xi(t+ 1),

f(Xi(t+ 1)) < f(Pbesti(t))

Pbesti(t), otherwise

Gbest(t+ 1) = arg min
Pbesti(t+1)

f(Pbesti(t+ 1))

Inertia weight update (optional):

w(t) = wmax −
wmax − wmin

Max Iter
t

Output:

Gbest∗ = Gbest(Max Iter), f∗ = f(Gbest∗)
(7)

3.2. Artificial bee colony mathematical
model

Let the population consist of N food sources (so-
lutions) in a d-dimensional search space. Each
solution is represented by

Xi = (xi1, xi2, . . . , xid) , i = 1, 2, . . . , N. (8)

Initialization The initial population is gen-
erated randomly within the search bounds:

xij = Xmin,j + rand(0, 1)
(
Xmax,j −Xmin,j

)
,

where rand(0, 1) is a uniformly distributed ran-
dom number.

The fitness of each solution is evaluated using
the objective function:

fi = f(Xi).

The initial global best solution is defined as:

Gbest = argmin
Xi

f(Xi).

Employed bee phase: Each employed bee
generates a new candidate solution in the neigh-
borhood of its current solution:

vij = xij + ϕij (xij − xkj) , k ̸= i,

where ϕij ∼ U(−1, 1).
A greedy selection is applied:

Xi =

{
Vi, f(Vi) < f(Xi),

Xi, otherwise.

Onlooker bee phase: The probability of se-
lecting a food source is computed as:

pi =
fi∑N

k=1 fk
. (9)
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Onlooker bees select food sources based on pi
and generate new candidate solutions using the
same neighborhood search equation as in the em-
ployed bee phase.

Scout bee phase: If a food source cannot
be improved for a predefined limit of trials, it is
abandoned and replaced by a new randomly gen-
erated solution:

xij = Xmin,j + rand(0, 1)
(
Xmax,j −Xmin,j

)
. (10)

Global best update: After all phases, the
global best solution is updated as:

Gbest = argmin
Xi

f(Xi). (11)

Termination: The algorithm iterates until
the maximum number of iterations is reached or
a convergence criterion is satisfied. The final out-
put is:

Gbest∗, f∗ = f(Gbest∗). (12)

3.3. Gravitational search algorithm
mathematical model

Consider a system of N particles (agents) in a d-
dimensional search space. The position of particle
i at iteration t is given by

Xi(t) = (xi1(t), xi2(t), . . . , xid(t)) . (13)

initialization: Particles are initialized randomly
within the search space:

xij(0) = Xmin,j + rand(0, 1)
(
Xmax,j −Xmin,j

)
.

The fitness of each particle is evaluated as:

fi(t) = f
(
Xi(t)

)
. (14)

Mass calculation: Let best(t) and worst(t)
denote the best and worst fitness values at iter-
ation t. The mass of each particle is computed
as:

mi(t) =
fi(t)− worst(t)

best(t)− worst(t)
,

and normalized as:

Mi(t) =
mi(t)∑N

k=1mk(t)
. (15)

Gravitational constant update: The
gravitational constant decreases over time:

G(t) = G0 exp

(
−α

t

Max Iter

)
, (16)

where G0 is the initial gravitational constant and
α is a control parameter.

Force computation: The force acting on
particle i from particle j in dimension d is given
by:

F d
ij(t) = G(t)

Mi(t)Mj(t)

Rij(t) + ε

(
xdj (t)− xdi (t)

)
, (17)

where Rij(t) = ∥Xj(t)−Xi(t)∥2 and ε is a small
constant.

The total force on particle i is:

F d
i (t) =

N∑
j=1
j ̸=i

randj F
d
ij(t), (18)

with randj ∼ U(0, 1).
Acceleration and velocity update: The

acceleration of particle i is computed as:

adi (t) =
F d
i (t)

Mi(t)
. (19)

The velocity update rule is:

vdi (t+ 1) = randi v
d
i (t) + adi (t), (20)

where randi ∼ U(0, 1).
Position update:

xdi (t+ 1) = xdi (t) + vdi (t+ 1). (21)

Termination Steps are repeated until the
stopping criterion is satisfied. The best solution
is:

X∗ = argmin
Xi

f(Xi), f∗ = f(X∗). (22)

4. Gravitational search algorithm

As shown in Equation. (22), the GSA is a
nature-inspired optimization algorithm based on
the principles of Newtonian gravity and mass in-
teractions. It was introduced as a population-
based metaheuristic algorithm where agents (so-
lutions) are treated as objects with masses that
interact with each other based on gravitational
forces. The fundamental idea behind GSA is that
each agent attracts others according to its fit-
ness value, with better solutions having a stronger
gravitational pull. Over time, agents move toward
the best solutions due to the gravitational forces
acting upon them.

In GSA, a set of agents is initialized randomly
in the search space. Each agent’s fitness value
is evaluated using an objective function, and its
mass is computed based on its relative fitness
compared to the rest of the population. The grav-
itational force between agents determines their
movement, with heavier (better) agents exerting
stronger attraction on lighter agents. The veloc-
ity of each agent is updated based on the forces
acting upon it, allowing solutions to explore and
converge towards optimal values.

The key components of GSA include the grav-
itational constant (G), which decreases over time
to balance exploration and exploitation, the force
calculation, which determines the direction and
intensity of an agent’s movement, and the posi-
tion update, which adjusts each agent’s location
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Start: raw library dataset

Data preprocessing

Feature encoding & normalization

Model selection

Decision tree

Hyperparameter tuning via ABC

Trained DT model

Stacking regressor

Prediction on test set

Evaluation: MSE, MAE, RMSE, R2

End: optimized model performance

SVM

Hyperparameter tuning via PSO

Trained SVM model

Random forest

Hyperparameter tuning via GSA

Trained RF model

Figure 1. Processing steps for selecting parameters and prediction.

in the search space. By iterating through these
steps, GSA enables efficient exploration and op-
timization. The algorithm has been successfully
applied in ML, engineering design, and feature se-
lection, proving a robust and adaptive optimiza-
tion technique.

Additionally, GSA is a nature-inspired opti-
mization algorithm based on Newton’s Law of
Gravity and Motion. It models a system where
agents (candidate solutions) are treated as masses
interacting with each other through gravitational
attraction. A position vector represents each
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agent (solution) in an n-dimensional search space:

Xi = (x1i , x
2
i , · · · , xni ), i = 1, 2, · · · , N

where Xi represents the i− th agent’s position, N
is the total number of agents, and n is the dimen-
sion of the search space.

5. Methodology

Metaheuristic optimization techniques have been
widely applied to feature selection and classi-
fication tasks due to their ability to efficiently
explore complex search spaces. Recent studies
have demonstrated the effectiveness of combin-
ing metaheuristic algorithms with ML and deep
learning models to enhance classification perfor-
mance in various application domains. For exam-
ple, deep learning-based metaheuristic optimiza-
tion has been successfully employed for COVID-
19 diagnosis using chest X-ray images, achieving
improved classification accuracy and robustness42

In addition, novel metaheuristic algorithms such
as binary waterwheel plant optimization and dip-
per throated optimization have shown strong
capability in selecting informative feature sub-
sets, leading to enhanced predictive performance
and reduced computational cost.43,44 Further-
more, metaheuristic-based feature selection has
been effectively applied in real-world forecast-
ing systems, including wind speed prediction,
where it significantly improved model accuracy
and generalization.45

5.1. Data collection

Table 1 provides a detailed overview of the se-
lected input attributes used in this study follow-
ing metaheuristic-based feature selection. These
attributes were chosen based on their relevance to
predicting medical conditions derived from gen-
eral health checkup data, with a focus on ischemic
stroke and associated risk factors. The features
are categorized into demographic, physiological,
and behavioral groups, reflecting a multidimen-
sional approach to clinical assessment. In addi-
tion to the structured datasets described earlier,
the study also utilizes a comprehensive, short-
listed dataset derived from annual health care ex-
aminations. This dataset contains 93 attributes
and 1,000 entries, providing a wide spectrum
of clinical and diagnostic variables routinely col-
lected during general medical screenings. The
breadth of the dataset allows for in-depth anal-
ysis of correlations between different health in-
dicators and the onset of conditions such as is-
chemic stroke. The inclusion of such diverse and
granular data points contributes to the richness of
the modeling process. The 93 attributes include

demographic information, laboratory test results,
imaging summaries, prior diagnoses, surgical his-
tories, and subjective patient inputs, providing a
comprehensive view a holistic view of an individ-
ual’s health profile. This level of detail is partic-
ularly valuable for developing risk stratification
models, especially for predicting silent or early-
stage conditions such as ischemic stroke, which
will not present overt symptoms in their early de-
velopment.

5.2. Proposed methods

The proposed method follows a structured ap-
proach for selecting optimized parameters to en-
hance model performance. As illustrated in Fig-
ure 1, the process involves multiple stages, includ-
ing data preprocessing, feature selection, model
training, and parameter tuning using metaheuris-
tic algorithms. Initially, raw data undergoes pre-
processing to ensure consistency, where missing
values are handled and feature scaling is applied.
Next, feature selection techniques help in identi-
fying the most relevant variables for model train-
ing, improving efficiency and accuracy. Follow-
ing feature selection, machine learning models are
trained using traditional algorithms such as SVM,
DT, and random forest. These models serve as
the foundation for prediction tasks. However,
to further optimize their parameters, the study
integrates metaheuristic optimization techniques
such as PSO, ABC, and GSA. These techniques
systematically explore the search space to fine-
tune hyperparameters, maximizing model accu-
racy and minimizing error metrics such as MSE,
MAE, and RMSE. Once the best-performing pa-
rameters are identified, the optimized models un-
dergo validation using separate test datasets. The
results are then compared against baseline models
that do not employ metaheuristic optimization,
demonstrating the effectiveness of the hybrid ap-
proach. This process ensures that the models gen-
eralize well to unseen data, making them robust
for real-world applications.

6. Numerical results

6.1. Metrics evaluations

The mean squared error function computes a risk
metric corresponding to the expected value of the
squared logarithmic (quadratic) error or loss. If ŷi
is the predicted value of the i-th sample, and yi is
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the corresponding true value, then the MSE esti-
mated over nsamples is defined as Equation. (23).

MSE(y, ŷ) =
1

n

n−1∑
i=0

(loge(1 + yi)− loge(1 + ŷi))
2,

(23)

where logex is the natural logarithm of x. This
metric is best to use when targets have exponen-
tial growth, such as population counts and aver-
age commodity sales over the years. This metric
also penalizes an under-predicted estimate greater
than an over-predicted estimate.

The mean absolute error, also known as mean
absolute percentage deviation, is an evaluation
metric for regression problems. The idea of this
metric is to be sensitive to relative errors. It is
for example not changed by a global scaling of the
target variable. The formula is given by Equation.
(24).

MAE(y, ŷ) =
1

n

n−1∑
i=0

|yi − ŷi|
max(ϵ, |yi|)

, (24)

where ϵ is an arbitrary small yet strictly positive
number to avoid undefined results when y is zero.

The root mean squared error function com-
putes MSE, a risk metric corresponding to the
expected value of the squared (quadratic) error
or loss given by Equation. (25).

RMSE(y, ŷ) =

√√√√ 1

n

n−1∑
i=0

(yi − ŷi)2, (25)

The r2 score function computes the coefficient
of determination, usually denoted as R2. It rep-
resents the proportion of variance (of y) that has
been explained by the independent variables in
the model. It provides an indication of good-
ness of fit and therefore a measure of how well
unseen samples are likely to be predicted by the
model, through the proportion of explained vari-
ance. Given by Equation. (26).

R2(y, ŷ) = 1−
∑n−1

i=0 (yi − ŷi)
2∑n−1

i=0 (yi − ȳ)2
, (26)

where ȳ = 1
n

∑n
i=1,

∑n−1
i=0 (yi − ŷi)

2 =
∑n

i=1 ϵ
2
i .

6.2. Result performance

Table 2 illustrates the accuracy using metaheuris-
tic algorithms including PSO, ABC, GSA mea-
sured by MSE. MAE, RMSE, and R2 score. The
performance of the metaheuristic models was
evaluated to attain the best parameters summa-
rized in Table 3 with the values of C, degree, the
leaf of maximum depth, and minimum samples.
Using the new parameters, the new models are es-
tablished and trained to show the new prediction.

Using the parameters given on Table 3, we attain
the accuracy of the new models, as shown in Table
4. Moreover, using the models, the new dataset
was transformed to apply the best parameters.
With the new parameters, the new prediction is
transformed to training data set and the test set
shown in Table 5. Table 6 presents the summary
of parameters of the algorithms using

Figure 2 shows the combination of all fine-
tuned and optimized models into a stacking re-
gressor. Stacking regressor is an ensemble learn-
ing technique where multiple base models are
trained, and their predictions are combined us-
ing a meta-model to improve overall performance.
The meta-model learns how to best combine the
outputs of the base models by using different re-
gression models such as linear regression (LR),
DT, random forest, and SVM. Fine-tuning of hy-
perparameters for each model was performed us-
ing metaheuristic algorithms such as PSO, GSA,
and ABC. To investigate the behavior of the
volatility of the optimized parameter, we per-
formed the change of the values using SVM, DT,
RF, and LR shown in Figures 3–6, respectively.
The figures illustrate the change of the parame-
ters upon the parameters C and degree in three-
dimension by using different values in the annual
healthcare checkup dataset.

We conducted an additional experiment using
LR and DT models with numerical results de-
rived from optimized metaheuristic parameters.
The findings revealed a marked improvement in
predictive performance for identifying ”noikhoa”
(ischemic stroke) cases within the annual health-
care dataset. The LR model was constructed
using 60% of training, 20% for validation, and
20% for testing set. Using the best parameters
obtained from the PSO, ABC, and GSA algo-
rithms, the optimized models achieved higher ac-
curacy, precision, and generalization compared to
the baseline configuration. Specifically, the PSO-
optimized LR model, with parameters C=23.3567
and max iter=1,000, attained the highest ac-
curacy of 0.9972, precision of 0.9976, recall of
0.9972, and F1-score of 0.9973 (Table 7). For
max depth=10 and min samples leaf=20, a DT
model was constructed and is shown in Table 7.
The ABC and GSA-based models also demon-
strated strong and consistent results, both ex-
ceeding the baseline accuracy of 0.9967. As illus-
trated in Table 3, the optimized parameter tuning
significantly reduced the error metrics while im-
proving the coefficient of determination Figures 7
and 8. We also conducted an experiment for pre-
dicting ischemic stroke using logistic regression
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Table 2. Predictive performance of models optimized with metaheuristic algorithms

SVM DT

Algorithms PSO ABA GSA PSO ABA GSA

MSE 0.0093 0.0099 0.0096 0.0001 0.0823 0.0971
MAE 0.0938 0.0944 0.0942 0.0002 0.0123 0.1866
RMSE 0.0965 0.0996 0.0981 0.0002 0.2100 0.3116
R2 score 0.9700 0.9680 0.9690 1.0000 0.1123 0.6881
Abbreviations: ABA: Artificial bee colony algorithm; DT: Decision tree; GSA: Gravitational search
algorithm; MAE: Mean absolute error; MSE: Mean squared error; PSO: Particle swarm
optimization; RF: Random forest; RMSE: Root mean squared error;
SVM: Support vector machine.

Table 3. Best parameters obtained by each optimization algorithm

Optimizers C degree max depth min samples leaf
PSO 23.3567 0.5868 10.2604 20.1570
ABA 1.0000 1.0000 22.8045 11.8170
GSA 20.2792 2.7429 32.7872 13.0280

Table 4. Evaluation metrics obtained for each algorithm

Optimizers MSE MAE RMSE R2 Score
PSO 0.0095 0.0959 0.0978 0.9897
ABA 0.0095 0.0958 0.0977 0.9897
GSA 0.0085 0.0852 0.0924 0.9908
Abbreviations: ABA: Artificial bee colony algorithm; GSA: Gravitational search algorithm;
MAE: Mean absolute error; MSE: Mean squared error; PSO: Particle swarm optimization;
RF: Random forest; RMSE: Root mean squared error.

Table 5. Summary of support vector machine model predictions based on the best-performing parameters

Optimizers MSE MAE RMSE R2 score
Evaluating on training set 0.0006 0.0005 0.0007 0.9999
Evaluating on test set 0.0005 0.0005 0.0007 0.9999
Abbreviations: MAE: Mean absolute error; MSE: Mean squared error;RMSE: Root mean
squared error.

Figure 2. Integration of fine-tuned and optimized models into a stacking regressor for building optimal
algorithms.
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Figure 3. Support vector machine accuracy across varying values of C and degree.

Figure 4. Decision tree accuracy across varying max depth and min samples leaf values
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Figure 5. Random forest accuracy across different nestimatorsandmaxdepthvalues.

Figure 6. Logistic regression accuracy across different C and maxitervalues
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Figure 7. Logistic regression accuracy based on optimized algorithm parameters

Figure 8. Logistic regression accuracy predicted with new parameters

Figure 9. Receiver operating characteristic curve of the logistic regression model on the test set
Abbreviation: AUC: Area under the curve.
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Table 6. Transparency and Reproducibility Summary for Metaheuristic Optimization

Aspect Particle swarm optimization Genetic algorithm
Search space (per fea-
ture)

Continuous binary mask ∈ [0, 1]
for each feature dimension

Binary vector {0, 1} for each fea-
ture dimension

Hyperparameters
searched

Inertia weight w ∈ [0.5, 0.9]; cog-
nitive coefficient c1 ∈ [0.1, 2.0];
social coefficient c2 ∈ [0.1, 2.0];
number of particles ∈ [20, 100]

Population size ∈ [20, 100];
crossover probability
∈ [0.6, 0.9]; mutation proba-
bility ∈ [0.01, 0.2]; tournament
size ∈ [2, 5]

Fitness/objective func-
tion

J = α(1 − accuracy) + (1 −
α)

[
1− selected features

totalfeatures

]
,

alpha = 0.5 Classification accuracy of ran-
dom forest on validation fold

Model evaluated Random forest classifier
(n estimators = 50, ran-
dom state=42)

Random forest classifier
(n estimators = 50, ran-
dom state=42)

Maximum iterations /
generations

100 iterations 50 generations

Stopping criteria Maximum iteration reached or no
improvement in 10 iterations

Maximum generation reached or
stagnation for Five generations

Cross-validation setup Five-fold stratified cross-
validation via pipeline including
scaling, feature selection, and
model training

Five-fold stratified cross-
validation via pipeline including
scaling, feature selection, and
model training

Final evaluation Independent held-out test set
(30% of data), unseen during op-
timization

Independent held-out test set
(30% of data), unseen during op-
timization

Table 7. Evaluation of logistic regression and decision tree for predicting ischemic stroke (”noikhoa”)

Models Accuracy Precision Recall F1-score
LR 0.9967 0.9971 0.9967 0.9968
DT 0.9801 0.9911 0.9932 0.9914
Abbreviations: DT: Decision tree; LR: Logistic regression.

with new parameters. The results of prediction
are shown in Figures 6–8. Additionally, we evalu-
ated the models on the test set and presented the
ROC curves in Figures 9 and 10 for the LR and
DT models, respectively. Furthermore, the near-
identical performance between training and test-
ing datasets confirms the stability and general-
ization capability of the models. These outcomes
indicate that integrating metaheuristic optimiza-
tion particularly the PSO approach substantially
enhances the logistic regression model’s ability to
accurately detect ischemic stroke patterns from
annual health checkup data, supporting the po-
tential application in early diagnosis and clinical
decision-making within internal medicine.

7. Limitations and discussion

The study identified optimal parameters using
metaheuristic algorithms and improved predic-
tive accuracy in ML models models. The dis-
cussion emphasizes the effectiveness of integrat-
ing ML models with metaheuristic optimization
to achieve higher prediction performance. The
experimental results confirm that metaheuristic-
based approaches, such as PSO, ABC, and GSA,
significantly improve parameter selection, thereby
enhancing model performance. Additionally, the
comparative analysis of various optimization tech-
niques reveals that PSO consistently achieves the
lowest MSE and RMSE, demonstrating its ro-
bustness in parameter tuning. Despite these ad-
vantages, the study acknowledges several chal-
lenges. The computational cost associated with
running metaheuristic algorithms increases as the
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Figure 10. Receiver operating characteristic curve of the decision tree model on the test set. Abbreviation:
AUC: Area under the curve

dataset size grows, requiring efficient resource
management. Furthermore, while metaheuristic
methods effectively explore large search spaces,
there remains a trade-off between exploration
and exploitation that can influence convergence
speed. Future research should explore adaptive
metaheuristic techniques that dynamically adjust
search strategies to improve efficiency. Despite
these advantages, challenges remain in terms of
computational cost and convergence speed, par-
ticularly for large-scale datasets. Future research
could address these limitations by exploring adap-
tive metaheuristic techniques that dynamically
adjust search strategies to balance exploration
and exploitation. Additionally, extending this ap-
proach to deep learning architectures could fur-
ther enhance model performance, particularly in
complex tasks such as image recognition and nat-
ural language processing. Incorporating real-time
optimization techniques would also enable models
to dynamically adapt to evolving data streams,
thereby enhancing their robustness in real-world
applications. Overall, this research provides a
strong foundation for future studies on hybrid
optimization techniques, highlighting their poten-
tial to revolutionize parameters tuning in ML and
drive innovation across multiple disciplines.

8. Conclusion

In conclusion, the research successfully demon-
strates the performance of hybrid models com-
bining ML and metaheuristic optimization for pa-
rameter selection. The integration of metaheuris-
tic techniques such as PSO, ABC, and GSA en-
hances the efficiency and accuracy of ML mod-
els by optimizing hyperparameters in a struc-
tured and automated manner. The results con-
firm that this approach outperforms traditional
grid and random search methods, reducing com-
putational time and improving predictive accu-
racy. These findings offer practical applications in
various domains that require high-accuracy pre-
dictive modeling, including healthcare, finance,
and engineering. In healthcare, optimized models
can enhance early disease detection and person-
alized treatment recommendations. In finance,
metaheuristic-based models improve risk assess-
ment and market forecasting. Similarly, in engi-
neering, these methods contribute to process op-
timization and failure prediction, leading to in-
creased system reliability and efficiency. By ad-
dressing challenges inherent in high-dimensional
and noisy datasets, this hybrid approach not
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only improves predictive accuracy but also re-
duces computational overhead. Furthermore, the
study explores the clinical utility of the pro-
posed models in detecting and managing stroke
risks, offering practical solutions for early diag-
nosis and targeted intervention. Through this
work, we demonstrate the transformative poten-
tial of combining metaheuristic optimization with
ML in real-world healthcare applications, paving
the way for more reliable, data-driven decision-
making in medical practice. Using the optimized
parameters obtained from the metaheuristic algo-
rithms, the predictive accuracy of the new mod-
els improved, thereby supporting clinicians in de-
tecting ischemic stroke. This approach reduced
the time required to evaluate patients’ symptoms
during annual healthcare examinations.
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