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 A B S T R A C T

Heart attack detection and treatment in women remain significantly under-optimized due to differences in 
symptom presentation and physiological characteristics compared to men, leading to delayed or incorrect 
diagnoses. Addressing this gap, this study introduces an optimized ensemble learning approach that leverages 
a novel voting classifier combining the Waterwheel Plant Algorithm (WWPA) with Stochastic Fractal Search 
(SFS). The proposed WWPA+SFS model is designed to enhance the accuracy of heart attack classification in 
women by integrating multiple machine learning classifiers, including Gaussian Naive Bayes, Random Forest, 
Logistic Regression, Stochastic Gradient Descent Classifier, Support Vector Classifier, Decision Tree, and k-
nearest Neighbors. A comprehensive clinical dataset comprising 303 patient records and 14 features—covering 
demographic data, exercise-induced angina, chest pain type, major vessel count, cholesterol levels, fasting 
blood sugar, and resting electrocardiographic results—was used for evaluation. The model’s performance 
was validated using 10-fold cross-validation, Analysis of Variance (ANOVA), and the Wilcoxon Signed Rank 
Test, benchmarking it against other optimization-based classifiers such as Grey Wolf Optimization (GWO), 
Whale Optimization Algorithm (WOA), Particle Swarm Optimization (PSO), and Genetic Algorithm (GA). 
The proposed WWPA+SFS model achieved the highest classification accuracy (97.01%) and demonstrated 
low variance across multiple trials. These results underline the robustness and effectiveness of the proposed 
method in optimizing diagnostic models for women’s cardiovascular care, potentially reducing misdiagnosis 
rates, lowering healthcare costs, and contributing to personalized treatment advancements in clinical practice.
1. Introduction

Heart attacks are a global healthcare burden, and treatment can be 
costly. This initiative can lower heart attack healthcare costs by en-
hancing diagnosis and treatment. Improving the effectiveness of heart 
attack identification in women can result in a diagnosis that is both 
more accurate and timelier, which would save lives. When it comes to 
heart attacks, women have received an incorrect diagnosis since their 
symptoms are different from men’s experiences [1,2]. Ischemic heart 
disease (IHD) is the primary cause of illness and death in both males 
and females. However, young women experience the most severe out-
comes, which is likely due to the more intricate range of IHD in women 
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compared to men [3]. The analysis in [4] encompassed a cohort of 607 
women actively participating in the Women’s Ischemia Syndrome Eval-
uation (WISE) original cohort and had accessible HDL-C measurements. 
This study employed multivariate Cox proportional hazard regression 
and spline regression analysis to assess the associations between HDL-C 
levels and various outcomes. During the 20th century, cardiovascular 
disease (CVD) was mostly associated with men. In contrast, women 
were thought to be shielded from it before menopause due to natural 
hormones and after menopause through hormone therapy [5]. Heart 
attacks affect the healthcare systems worldwide significantly, and the 
related costs of treatment and rehabilitation can be substantially high. 
https://doi.org/10.1016/j.compbiomed.2025.110597
Received 12 May 2025; Received in revised form 16 June 2025; Accepted 16 June
010-4825/© 2025 Elsevier Ltd. All rights are reserved, including those for text and 
 2025
data mining, AI training, and similar technologies. 
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By improving diagnosis and treatment, this research can help reduce 
the total cost of the healthcare requirements related to heart attacks. 
About 5 million women ran businesses when the pandemic started in 
February [6].

Artificial Intelligence (AI) and machine learning could transform 
healthcare. Data and analytics can help healthcare practitioners make 
better decisions, which enhances patient outcomes and can help allo-
cate resources better. The study in [7] examines and compares various 
artificial intelligence techniques, including logistic regression, Naïve 
Bayes, K-nearest neighbor (K-NN), support vector machine (SVM), de-
cision tree, random forest, multilayer perceptron (MLP), two distinct 
types of heart disease datasets: one containing all features and the 
other containing selected features. To conduct variable selection on a 
dataset consisting of 1227 baseline Women’s Health Initiative (WHI) 
variables related to the primary outcome of incident Heart failure (HF), 
two machine-learning techniques, namely Least Absolute Shrinkage and 
Selection Operator (LASSO) and Classification and Regression Trees 
(CART), were employed [8]. The accuracy of heart disease predic-
tions was improved in [9] by deploying several machine learning and 
deep learning classifiers, including K-NN, SVM, Convolutional Neural 
Network, Logistic Regression, XGBoost, Gradient Boost, and Random 
Forest. The study investigated various classifiers and evaluated their 
efficacy, offering significant insights for developing resilient prediction 
models for myocardial infarction.

Beyond cardiovascular prediction, recent research also explores AI 
and deep learning for broader medical diagnostics. For example, brain 
tumor prediction using MRI scans has been investigated through com-
parative deep learning models [10]. Edge-guided filtering for CT image 
denoising using fractional order total variation has shown promise in 
improving diagnostic image quality [11]. Efficient medical image-based 
reversible data hiding using singular value decomposition (SVD) on 
denoised images further enhances secure data management in health-
care [12]. Other works have focused on COVID-19 CT image denois-
ing using convolutional neural networks and method noise threshold-
ing [13], and multiscale feature scaling with deep neural networks for 
brain tumor classification in MRI images [14]. These studies underscore 
the growing scope of AI-driven methods across medical imaging and 
diagnostic tasks, reinforcing the relevance and transferability of such 
methods to cardiovascular applications.

Digital acquisition and analysis are crucial to diagnostic capacities, 
especially cardiovascular imaging. As a bonus, using AI in digital 
cardiovascular imaging has dramatically increased the scope of possible 
advancements [15]. Constantly locating the optimal solution in a vast 
search space is a challenge that requires refinement. Optimization is the 
process of locating the optimal solution without employing brute-force 
criteria. The objective of the optimization is to decrease the number 
of potential solutions by implementing exploration and exploitation 
tactics. The optimization strategy accomplishes the objective function 
and delivers the optimal solution in a reasonable time by utilizing 
metaheuristics and evolutionary algorithms. Metaheuristic and evolu-
tionary optimization algorithms traverse the search space efficiently 
to ensure that local optima do not constrain the best solution. These 
optimization algorithms have demonstrated their efficacy in resolving 
diverse problem types across various domains and applications, such 
as engineering [16], economics [17], transportation [18], and mechan-
ics [19]. Recently, various metaheuristic and evolutionary optimization 
algorithms have been demonstrated to resolve various problems. No-
table examples of such algorithms are particle swarm optimization 
(PSO) [20], Divine religions algorithm (DRA) [21], gravitational search 
algorithm (GSA) [22], grey wolf optimization algorithm (GWO) [23], 
Al-Biruni Earth Radius (BER) [24], genetic algorithm (GA) [25], Wa-
terwheel plant algorithm (WWPA) [26], Puma optimizer (PO) [27], 
Hippopotamus Optimization (HO) [28], Electric eel foraging optimiza-
tion (EEFO) [29], Tianji’s horse racing optimization (THRO) [30], and 
Stochastic paint optimizer (SPO) [31].
2 
This work can enhance healthcare research based on AI, making 
healthcare systems more efficient and effective, which could change 
women’s lives. This research uses recent technology and optimization 
algorithms to improve heart attack diagnostic accuracy in a minimum 
time and at a lower cost, which can improve patient and healthcare 
system outcomes. The social benefits of this research are significant 
and can be far-reaching. By improving the accuracy of heart attack 
detection and classification in women, this work can save lives and 
improve quality of life, reducing healthcare costs and participating in 
healthcare research. These social benefits can ultimately contribute to 
a healthier and happier society. In addition to saving women’s lives, 
this work can help reduce healthcare costs related to heart attacks. 
Employing machine learning, and consequently AI, in healthcare has 
the potential to revolutionize the field of heart attack classification. By 
using the power of collected data and applying recent data analytics 
algorithms, healthcare professionals can benefit from this to make 
more informed decisions, improving patient outcomes and allocating 
resources in better ways. This work can contribute effectively to the 
growing body of medical research on the use of AI in healthcare, which 
consequently helps to pave the way for more efficient and effective 
healthcare systems in the future.

The social benefits of this research work are mainly in the potential 
impact on women’s lives. By proposing innovations in the fields of 
metaheuristic optimization and cardiovascular imaging, the proposed 
voting classifier based on the WWPA algorithm combined with the 
Stochastic Fractal Search (SFS) algorithm using various machine learn-
ing models such as Random Forest, Logistic Regression, Stochastic 
Gradient Descent Classifier, Support Vector Classifier, and k-Nearest 
Neighbors. The work aims to improve the accuracy of heart attack 
detection and classification in women, which can lead to the following 
social benefits:

1. Reducing Mortality Rates: One of the most significant benefits of 
this research is its potential to reduce death rates among women. 
Early detection and classification of heart attacks can achieve 
that by allowing for timely medical intervention. By improving 
the accuracy of heart attack detection, the current work can help 
reduce the number of deaths caused by heart attacks in women.

2. Improving Quality of Life: Heart attacks can severely impact the 
quality of life for some people, even for surviving ones. By im-
proving the accuracy of heart attack detection and classification, 
this research can ensure that women receive the appropriate 
treatment and support effectively in their need to manage their 
condition. For women who experience heart attacks, this can 
lead to improved life quality.

3. Reducing Healthcare Costs: Heart attacks financially burden 
healthcare systems worldwide and affect people significantly. 
Improving heart attack detection and classification accuracy can 
help reduce the cost of healthcare concerning heart attacks. This 
can make healthcare more accessible and affordable for women.

4. Advancing Healthcare Research: The proposed voting classifier 
algorithm (WWPA+SFS) has the potential to make an effective 
contribution to the field of healthcare research. By contributing 
more knowledge on heart attacks in women, this work will help 
improve healthcare outcomes for all patients, especially women. 
This can lead to better patient care and more effective healthcare 
systems overall.

This work presents a novel voting classifier (WWPA+SFS) that com-
bines the Waterwheel Plant Algorithm (WWPA) with Stochastic Fractal 
Search (SFS). The proposed voting classifier is built based on various 
machine learning models, including Gaussian Naive Bayes (Gaussian 
NB), Random Forest (RF), Logistic Regression (LR), Stochastic Gradient 
Descent Classifier (SGDC), Decision Tree (DT), Support Vector Classifier 
(SVC), and k-NN. The tested dataset in this work includes a comprehen-
sive health parameter for a set of patients. These parameters include 
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Table 1
Comparing the recent work related to heart disease.
 No. Main Focus Methodology Key Findings  
 Ref. [32] Construction of an AI-based heart 

disease detection system using ML 
algorithms.

Development of a Python-based 
application for healthcare research, 
logistic regression, and random forest 
classifier algorithm.

Achieved approximately 83% 
accuracy in heart disease 
detection using ML.

 

 Ref. [33] Utilization of ML in predicting 
heart diseases through health 
monitoring with wearable sensors.

Implementation of various ML 
algorithms for heart disease prediction.

Logistic regression with majority 
voting attained 88.59% accuracy 
in heart disease prediction.

 

 Ref. [34] Proposal of a sequential feature 
selection (SFS) algorithm for 
detecting death events in heart 
disease patients.

Application of SFS algorithm for feature 
selection and comparison with various 
ML algorithms.

Random Forest Classifier_FS 
achieved 86.67% accuracy using 
the SFS method.

 

 Ref. [35] Evaluation of ML techniques in 
subtype classification and risk 
prediction across heart failure, 
acute coronary syndromes, and 
atrial fibrillation.

Rigorous analysis and validation of ML 
models in cardiovascular research.

Highlighted potential clinical 
utility of ML models in 
optimizing management strategies 
and improving patient outcomes 
in cardiovascular care.

 

 Ref. [36] Systematic review of ML 
techniques in heart failure 
management.

Manual search of relevant databases for 
ML studies in heart failure management.

Identified various applications of 
ML in HF management, including 
classification, outcome prediction, 
and data extraction from clinical 
notes.

 

 Ref. [37] Assessment of ML models in 
predicting 3-year all-cause 
mortality in patients with heart 
failure due to coronary heart 
disease.

Construction of six ML models, 
association analysis using multivariable 
Cox regression, and explainable ML 
approach with SHAP method.

Extreme gradient boosting 
(XGBoost) emerged as the most 
effective model, aiding in 
accurate risk assessment and 
patient stratification.

 

 Ref. [38] Identification of ML classifiers 
with high accuracy for heart 
disease prediction.

Application and comparison of 
supervised ML algorithms for heart 
disease prediction.

Random forests (RF) achieved 
exceptional accuracy of 100% in 
heart disease prediction.

 

 Ref. [39] Proposal of the Modified Artificial 
Plant Optimization (MAPO) 
algorithm for heart disease 
prediction.

Utilization of MAPO algorithm for 
feature selection and heart disease 
prediction using ML techniques.

Demonstrated significant 
dimensionality reduction and 
enhanced accuracy in predicting 
heart disease compared to other 
optimizers.

 

 Ref. [40] Exploration of ML techniques in 
predicting patient survival and 
identifying critical features in 
cardiovascular diseases.

Utilization of available electronic 
medical records for biostatistical analysis 
and ML model development.

ML techniques offer valuable 
insights for constructing 
diagnostic methodologies and 
prediction models for managing 
cardiovascular diseases.

 

 Ref. [41] Investigation of ML models for 
triage decision-making in patients 
with suspected cardiovascular 
diseases.

Collection of comprehensive patient data 
and comparison of common ML models 
for triage decision-making.

Extreme gradient boosting 
(XGBoost) effectively 
differentiated between low-risk 
and high-risk patients, 
highlighting the potential for 
resource optimization in ED 
settings.

 

exercise-induced angina, demographic details, major vessel count, fast-
ing blood sugar, resting blood pressure, chest pain type, cholesterol 
levels obtained via a BMI sensor, and resting electrocardiographic 
results, which provide crucial information for classifying heart attacks. 
This work employs a set of statistical analysis methods, such as an 
analysis of variance (ANOVA), to test the sources of variability within 
the dataset. Furthermore, the Wilcoxon Signed Rank Test results are 
included, which compares the theoretical and actual median accuracy 
values for different tested algorithms of WWPA+SFS, WWPA, SFS, 
GWO, PSO, WOA, and GA algorithms.

The rest of this paper is presented in various sections. First, a section 
discusses the literature review related to heart disease. Then, there is a 
section to present the materials and methods, including the description 
of the tested dataset and the proposed WWPA-SFS algorithm. The 
following section shows the experimental results in various ways, and 
then a section discusses the output results, including the statistical 
analysis. Conclusions and suggested future directions are presented in 
the last section.

2. Literature review

The paper in Ref. [32] centers on developing an artificial intelli-
gence system for heart disease detection, leveraging machine learning 
(ML) algorithms. The study showcases the use of ML in predicting 
3 
an individual’s risk of heart disease. A Python-based application is 
meticulously crafted for healthcare research, with its reliability and 
versatility in supporting various health monitoring applications being 
a key highlight. The study delves into the intricate data processing pro-
cess, particularly transforming categorical variables and columns. The 
crucial application development steps include database setup, logistic 
regression application, and data set attribute evaluation. A random for-
est classifier algorithm is tailored explicitly for heart disease detection, 
demonstrating increased precision. It should be noted that data analysis 
is emphasized, which is shown by the application’s 83% accuracy rate 
over training data. In addition, the paper describes the random forest 
classifier algorithm by providing some experiments and increases in 
diagnostic accuracies. Finally, the paper concludes by identifying its 
goals, discussing its limitations, and indicating how the research adds 
to the existing body of knowledge.

In [33], the promise of machine learning (ML) is massive across 
almost all sectors globally, including the medical field. This has brought 
the era of the Internet of Medical Things (IoMT) to the dawn of health 
monitoring using wearable sensors. This technology allows for real-time 
data capture for human-predicted health through ML methods. Despite 
this particular challenge, the need to produce a huge quantity of infor-
mation in itself is a challenge that requires the use of ML techniques 
for analysis. ML proves its efficiency by diagnosing locomotor disorders 
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and heart diseases, enabling physicians to diagnose and schedule treat-
ment promptly. The study is concerned with applying differentiation 
ML algorithms in predicting heart disease, with logistic regression 
and majority voting performing very well at 88.59% accuracy. Such 
precision overtakes the existing techniques, thus highlighting the role 
the ML can play in improving diagnostic abilities.

The richness of data, which has many attributes, makes the prob-
lem of feature identification in machine learning (ML) difficult. The 
attributes often have very high measurement values, hence the need 
for efficient feature selection techniques that will ease calculations, im-
prove prediction execution, and enhance data understanding. Previous 
work mainly improves the classification accuracy of the models, but 
in practice, real-world scenarios require dynamic feature subsets. To 
fulfill this requirement, [34] presents the sequential feature selection 
(SFS) algorithm for heart disease patients on treatment death event 
detection, and accordingly, the relevant features will be selected. Sev-
eral ML algorithms are used for analysis; the SFS method provides an 
excellent 86.67% accuracy for the Random Forest Classifier_FS. The 
evaluation metrics are also known as the confusion matrix, ROC curves, 
precision, recall rate, and f1-score, and they validate the improvement 
in classification accuracy made by the SFS algorithm.

In [35], machine learning (ML) methods have appeared as useful 
aids in cardiovascular research, especially in subtype characterization 
and risk prediction across different conditions like heart failure (HF), 
acute coronary syndromes (ACS), and atrial fibrillation (AF). However, 
despite their possible use, existing ML models are not used in routine 
clinical practice, mainly due to the lack of standard evaluations. This 
study also attempts to address this gap by evaluating the validity of 
ML in subtype definition and risk prediction for HF, ACS, and AF. By 
conducting thorough analysis and validation, the research attempts to 
clarify the clinical applicability of ML models in optimizing manage-
ment approaches and improving patient outcomes in cardiovascular 
care.

With the advent of machine learning (ML) algorithms, the manage-
ment of heart failure (HF) patients has completely been transformed, as 
ML algorithms can be used to classify and predict outcomes. Ref. [36] 
presents a systematic review that was carried out to assess the appli-
cation of ML techniques in HF management, which was obtained from 
122 relevant studies. Most of these studies employ machine learning to 
classify HF patients, differentiate HF patients from healthy individuals 
or other disease cohorts, predict HF outcomes, and identify HF patients 
from electronic records. Further, ML helps abstract important data 
from clinical notes and predict outcomes in the HF implantable device 
population. The review indicates that ML methods have great potential 
to develop effective tools for HF diagnosis, treatment, and prognosis.

The paper [37] attempts to evaluate the performance of machine 
learning (ML) models in predicting 3-year all-cause mortality in pa-
tients with heart failure (HF) due to coronary heart disease (CHD). The 
study develops six ML models, and a thorough evaluation identifies 
the extreme gradient boosting (XGBoost) model as the most suitable 
for prediction and patient stratification. Multivariable Cox regression 
analysis evaluates the association between ML-based risk and 3-year 
all-cause mortality. Additionally, an interpretable methodology, which 
integrates ML with the Shapley Additive explanations (SHAP) tech-
nique, offers clear explanations of personalized risk predictions. The 
study emphasizes various critical factors, such as age, N-terminal pro-
B-type natriuretic peptide levels, occupation, NYHA classification, and 
nitrate drug use, which improve patient management strategies and risk 
assessment.

However, machine learning (ML) and data mining development in 
predicting and detecting heart disease face considerable challenges. 
Ref. [38] seeks to discover ML classifiers with high accuracy, partic-
ularly for diagnostic purposes, especially in heart disease prediction. 
The evaluation of different supervised ML algorithms was performed, 
and the performance and accuracy were compared with the RF method, 
which achieved excellent results of 100% accuracy, sensitivity, and 
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specificity. This study highlights the effectiveness of simple supervised 
ML algorithms in obtaining high diagnostic performance, offering a 
potential for improved clinical decision-making and patient care in 
managing heart disease.

For the growing incidence of different cardiovascular diseases, with 
an emphasis on coronary heart disease (CHD), the Modified Artificial 
Plant optimization (MAPO) algorithm by [39] is offered as an optimal 
feature selector for heart disease prediction. Using a fingertip video 
dataset, the MAPO algorithm has been proven to predict heart rate with 
remarkable accuracy and, thus, facilitate the diagnosis of CHD. Partic-
ularly, MAPO shows substantial dimensionality reduction, simplifying 
the predictive process yet retaining similar accuracies across various 
ML models. In contrast with other optimizers, MAPO presents itself as 
a more accurate option for predicting heart disease, which reflects its 
possible use in cardiovascular risk assessment.

In Ref. [40], cardiovascular diseases that include myocardial infarc-
tions and heart failures have a major global health impact. Utilizing 
existing electronic medical records and biostatistical analysis, espe-
cially via machine learning (ML), allows the prediction of patient 
survival and the identification of key factors that impact disease out-
comes. ML techniques are critical in extracting pertinent knowledge 
from patient data, simplifying the development of diagnostic methods 
and prediction models that manage cardiovascular diseases.

Proper triage in the emergency department (ED) is vital to effi-
ciently using resources and identifying high-risk patients. The work in 
Ref. [41] examines the application of machine learning models in the 
triage process of patients with suspected cardiovascular diseases. The 
study demonstrates the efficacy of extreme gradient boosting (XGBoost) 
in discrimination between low- and high-risk patients through the 
collection of complete patient data and the performance comparison 
of four popular ML models. Key parameters like blood pressure, pulse 
rate, oxygen saturation, and age are identified as essential predictors in 
triage decisions, thus supporting the potential of ML models to improve 
resource utilization and efficiency in EDs. Table  1 shows a summary 
of the recent work related to heart disease, including the main focus 
of the study, the applied methodology, and the key findings from the 
experimental results.

Despite these advancements, most prior studies are either general-
purpose models that do not distinguish gender-specific pathologies 
or lack ensemble optimization frameworks tailored for accuracy and 
interpretability. Existing literature rarely addresses the diagnostic gap 
in women, especially through explainable optimization ensembles.

In contrast, the present study introduces a novel optimization-
based voting ensemble that is (1) tailored specifically to the female 
population, (2) based on the integration of the Waterwheel Plant 
Algorithm and Stochastic Fractal Search, and (3) validated using robust 
statistical tests and SHAP-based interpretability. It addresses critical 
gaps by combining accuracy, clinical interpretability, and gender-aware 
analysis.

Recent knowledge gaps that this study helps bridge include: (a) 
insufficient model personalization by sex in cardiovascular diagnostics, 
(b) underuse of optimization techniques like WWPA in clinical ML, and 
(c) lack of integration of SHAP analysis with metaheuristic-optimized 
ensembles. These gaps are particularly significant in healthcare AI, 
where transparency and trust are essential.

3. Materials and methods

3.1. Dataset

The tested dataset in this work provides a comprehensive set of 
features related to patients’ health parameters, contributing valuable 
information for predicting heart attack [42]. The dataset includes de-
mographic information such as age and sex, as well as critical indicators 
like exercise-induced angina, chest pain type categorized into four 
values, the number of major vessels, resting blood pressure, cholesterol 
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Fig. 1. Histogram of the set of features, values of each feature, and the related number 
of repetitions for patients’ health parameters in the heart attack predicting dataset.

levels obtained through a BMI sensor, fasting blood sugar levels, and 
resting electrocardiographic results with three distinct values. Addi-
tionally, the dataset records the maximum heart rate achieved during 
testing. The ultimate predictive variable, "target’’, is binary, with 0 
indicating a lower chance of a heart attack and 1 signifying a higher 
chance. This dataset serves as a foundation for developing models and 
algorithms to assess the risk of heart attacks based on a combination of 
these health-related factors.

The dataset comprises a total of 303 entries (observations) with 14 
variables, encompassing a mix of numerical, categorical, and boolean 
types. No missing values were detected across the dataset, and only 
a single duplicate row (0.3%) was identified and removed during 
preprocessing. Variables such as cholesterol, resting blood pressure, and 
maximum heart rate are continuous; chest pain type, resting electro-
cardiographic results, and thalassemia status are categorical; and sex, 
fasting blood sugar, and exercise-induced angina are boolean.

The statistical summary of key numerical features is as follows: the 
mean age of patients is approximately 54.37 years, with values ranging 
from 29 to 77. The average resting blood pressure is 131.62 mmHg, 
and cholesterol has a mean of 246.26 mg/dl. The maximum heart rate 
achieved averages 149.65 beats per minute. Notably, about 57.8% of 
patients have zero major vessels affected (parameter ‘‘caa’’), and 32.7% 
of the cases show zero values for the ‘‘oldpeak’’ feature.

Prior to model development, the dataset was randomly split into 
training and testing subsets in an 80:20 ratio. Data preprocessing 
included normalization of continuous features to zero-mean and unit-
variance scale, encoding of categorical features using one-hot encoding, 
and boolean variables were retained as binary integers. This ensured 
that the machine learning models received appropriately scaled and for-
matted inputs, improving training efficiency and model performance.

A correlation analysis was performed among key numerical fea-
tures to detect multicollinearity and inform feature selection. Pearson 
correlation coefficients revealed notable relationships such as a nega-
tive correlation between maximum heart rate and age, and a positive 
correlation between resting blood pressure and cholesterol. These inter-
feature dynamics contribute to the model’s understanding of heart 
attack risks.

Fig.  1 introduces the histogram of the set of features for patients’ 
health parameters in the heart attack predicting dataset. The figure 
includes Age (Age of the patient), Sex (Sex of the patient), cp (Chest 
Pain type), chol (cholesterol) in mg/dl, trtbps (resting blood pressure 
(in mm Hg)), rest_ecg (resting electrocardiographic results), fbs (fasting 
blood sugar > 120 mg/dl), exang (exercise-induced angina), thalach 
(maximum heart rate achieved), ca (number of major vessels). The 
target is 0 = less heart attack chance or 1 = more. Fig.  2 presents the 
predicting dataset’s heart attack distribution over blood pleasure.
5 
Fig. 2. Heart attack distribution over blood pleasure in the heart attack predicting 
dataset.

3.2. Proposed WWPA-SFS algorithm

This section initially covers the description of the Waterwheel Plant 
Algorithm (WWPA) [26], then shows how to update the waterwheel’s 
location during exploitation and exploration processes using a model 
of the algorithm’s actual behavior. The diffusion process introduced by 
the SFS algorithm is also described in this section.

The integration of the Waterwheel Plant Algorithm (WWPA) and 
Stochastic Fractal Search (SFS) in this study was carefully selected after 
comparative assessments of several metaheuristic optimization frame-
works. Preliminary experiments evaluated the performance and com-
plementarity of alternative algorithm pairs, such as PSO+GA,
GWO+WOA, and DE+SMA. However, WWPA was found to offer strong 
exploratory dynamics while SFS provided robust stochastic diffusion, 
resulting in a complementary synergy that consistently outperformed 
other combinations in convergence speed and classification accuracy. 
The stacking was thus not arbitrary but informed by experimental 
validation.

Moreover, the decision to pair WWPA with SFS was further guided 
by their algorithmic diversity—WWPA is inspired by bio-mechanical 
plant behavior with discrete phase shifts between exploration and 
exploitation, whereas SFS introduces probabilistic local refinements. 
Their fusion leverages distinct operational mechanisms that reduce 
the likelihood of premature convergence and ensure robust navigation 
through complex solution landscapes.

To ensure robust model evaluation, we applied 10-fold cross-
validation across all classifiers. In each fold, 90% of the data was used 
for training and 10% for testing. The final reported metrics represent 
the average across the folds, thus reducing variance due to random data 
splits and enabling a more generalizable performance estimation.

Regarding computational complexity, the overall complexity of the 
WWPA+SFS algorithm can be approximated as 𝑂(𝐺 ⋅ 𝑁 ⋅ 𝑚), where 𝐺
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is the number of generations, 𝑁 is the number of agents, and 𝑚 is the 
number of decision variables per agent. This complexity arises from 
iterative population-based evaluations of the objective function and 
diffusion steps per generation. Compared to other baseline optimizers 
such as GA and PSO, which also have complexities of similar order, 
WWPA+SFS showed faster convergence with fewer generations needed 
to achieve optimal accuracy. This efficiency is supported by the reduced 
standard deviation in experimental results.

The WWPA approach uses iterations to repeatedly search the space 
for a solution to the tested problem. Because the waterwheels are posi-
tioned differently throughout the search space, the WWPA population 
has varied values for the initially defined variables. It is possible that a 
matrix can be utilized to represent the population of WWPA, including 
all waterwheel variants. The initial locations of the waterwheels in the 
search area are chosen randomly during the first phase of a WWPA 
implementation. 
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where 𝑁 and 𝑚 represent the number of waterwheels and the number 
of variables, respectively. The term 𝑝𝑖,𝑗 = 𝑙𝑏𝑗 + 𝑟𝑖,𝑗 .(𝑢𝑏𝑗 − 𝑙𝑏𝑗 ), 𝑖 =
1, 2,… , 𝑁 , 𝑗 = 1, 2,… , 𝑚 with 𝑟𝑖,𝑗 is a random number in the interval 
[0, 1]; 𝑙𝑏𝑗 and 𝑢𝑏𝑗 represent the lower bound and upper bound of the 
𝑗th problem variable; 𝑃  represents the population matrix of waterwheel 
locations; 𝑃 𝑖 represents the 𝑖th waterwheel (a candidate solution), and 
𝑝𝑖,𝑗 (problem variable).

Each waterwheel represents a different strategy for solving the issue; 
therefore, each one’s objective function can be determined separately. 
Eq. (2) provides an effective vector representation of the values that 
comprise the objective function of the problem. 
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where 𝑓 is a vector containing all the objective function values, and 𝑓𝑖
is the predicted value for the 𝑖th waterwheel. The main criterion used 
to select the optimal solutions is assessments of objective functions. 
This indicates that the best candidate solution, or best member, is 
represented by the greatest value of the objective function. Conversely, 
the worst candidate solution—that is, the worst member—corresponds 
to the lowest value. The random movement of the waterwheels at each 
iteration over the search space will cause the current optima to shift 
over time.

The Waterwheels’ excellent sense of smell makes them formidable 
predators during the exploration phase since it enables them to locate 
the source of pests. Any bug inside the waterwheel’s attack range will 
be targeted. Once it has found its victim, it attacks and keeps searching. 
WWPA simulates this waterwheel action to mimic the initial step of its 
population updating procedure. We may enhance WWPA’s exploration 
capacity in finding the ideal region and fleeing from local optima 
by mimicking the waterwheel’s attack on the insect, which causes 
significant fluctuations in the waterwheel’s location in the search space. 
The waterwheel’s new location is found using Eq. (3), which simulates 
the waterwheel’s approach to the bug. If moving the waterwheel there 
increases the value of the target function, the old site will be abandoned 
in favor of the one listed below. 
𝑊 = 𝑟1.(𝑃 (𝑡) + 2𝐾), 𝑃 (𝑡 + 1) = 𝑃 (𝑡) +𝑊 .(2𝐾 + 𝑟2) (3)

where 𝑟1 and 𝑟2 are random variables within [0, 2] and [0, 1]. In addition, 
𝐾 is an exponential variable with values in the range [0, 1], and 𝑊
is a vector representing the circumference of the circle where the 
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waterwheel plant would search for possible places. The waterwheel’s 
location can be adjusted using Eq. (4) if the answer does not change 
after three rounds. 

𝑃 (𝑡 + 1) = 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛(𝜇𝑃 , 𝜎) + 𝑟1

(

𝑃 (𝑡) + 2𝐾
𝑊

)

(4)

An insect gets pulled into a waterwheel and moved to a feeding tube 
during exploitation. This simulated waterwheel operation informs the 
second-stage population update from WWPA. Better solutions are found 
close to the ones that have already been found, and the WWPA’s ability 
to exploit the local search is strengthened by the model of moving 
the insect to the proper tube, which causes minor adjustments to the 
location of the waterwheel in the search space. For every waterwheel 
in the population, the WWPA’s designers determine a fresh, random 
location that is a ‘‘excellent position for devouring insects’’ to mimic 
the natural behavior of waterwheels. The waterwheel is moved to the 
new site if the value of the goal function is greater than that of the 
original location, as shown by the following equations:. 
𝑊 = 𝑟3.(𝐾𝑃𝑏𝑒𝑠𝑡(𝑡) + 𝑟3𝑃 (𝑡)), 𝑃 (𝑡 + 1) = 𝑃 (𝑡) +𝐾𝑊 (5)

where 𝑟3 is a random variable within [0, 2], 𝑃 (𝑡) is the current solution 
at 𝑡, and 𝑃𝑏𝑒𝑠𝑡 represents the best solution.

Like in the exploration phase, the next mutation is applied to 
prevent being stuck in specific local minima if the solution does not 
improve after three repetitions. 

𝑃 (𝑡 + 1) = (𝑟1 +𝐾)𝑠𝑖𝑛(
𝑓
𝐶
𝜃) (6)

where 𝑓 and 𝐶 are random variables within [−5, 5]. In addition, the 
value of 𝐾 decreases exponentially by the following Eq.  (7). 

𝐾 =
(

1 + 2 ∗ 𝑡2

𝑇𝑚𝑎𝑥
+ 𝐹

)

(7)

The diffusion process introduced by the SFS technique ensures that 
the search space is continuously explored by generating random walks 
centered around the recently updated optimum position, represented 
by the following equation. 
𝑃 (𝑡 + 1) = 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛(𝜇𝑃 , 𝜎) + (𝜂 × 𝑃 (𝑡) − 𝜂′ × 𝑃𝑏𝑒𝑠𝑡(𝑡)) (8)

where the parameters 𝜂 and 𝜂′, chosen as random numbers from 
the interval [0, 1], contribute to the variability of the diffusion pro-
cess, allowing for a diverse exploration of the solution space. This 
integration of SFS into WWPA leverages the benefits of Gaussian ran-
dom walks, enabling the algorithm to navigate through the solution 
landscape more effectively. The WWPA+SFS algorithm demonstrates 
improved adaptability, robustness, and exploration capabilities, mak-
ing it a promising approach for solving more complex optimization 
problems. The WWPA+SFS algorithm is shown in detail in Algorithm 
1.

The proposed stochastic fragment search (SFS)-based Waterwheel 
Plant Algorithm (WWPA) algorithm, as outlined in Algorithm 1, in-
troduces a novel approach to enhancing the algorithm’s exploration 
capabilities. Incorporating the SFS technique into WWPA introduces a 
diffusion process that generates a sequence of random walks near the 
optimal solution. This significantly enhances the proposed algorithm’s 
search space, improving its adaptability in the optimization process.

The WWPA+SFS algorithm steps in Algorithm 1 are summarized as 
follows:

1. Initialize the population of agents, algorithm parameters, and 
variables of WWPA and SFS.

2. Until reaching the maximum number of iterations, do:

(a) Update the agents’ positions of the WWPA algorithm 
based on an inheritance mechanism.

(b) Apply the diffusion process of the SFS algorithm to di-
versify the space of search: For each agent in the list of 
agents, do:
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Algorithm 1 : The proposed WWPA-SFS algorithm.
1: Initialize WWPA plants (agents) positions 𝑃𝑖 (𝑖 = 1, 2, ..., 𝑛) for 𝑛 plants, objective function 𝑓𝑛, iterations 𝑡 = 1, WWPA parameters 𝑟, 𝑟1, 𝑟2, 𝑟3, 

𝑓, 𝑐, and 𝐾
2: Calculate objective function 𝑓𝑛 for each agent 𝑃𝑖
3: Find best agent position among plants: 𝑃best
4: while 𝑡 ≤ 𝑡max do 
5: for 𝑖 = 1 ∶ 𝑛 do 
6: if 𝑟 < 0.5 then 
7: Explore the search space by WWPA using: 
8: 𝑊 = 𝑟1 ⋅ (𝑃 (𝑡) + 2𝐾)
9: 𝑃 (𝑡 + 1) = 𝑃 (𝑡) +𝑊 ⋅ (2𝐾 + 𝑟2)
10: if no change in solution for three iterations then 
11: 𝑃 (𝑡 + 1) = Gaussian(𝜇𝑃 , 𝜎) + 𝑟1

(

𝑃 (𝑡)+2𝐾
𝑊

)

12: end if
13: else 
14: Exploit the solutions by WWPA using: 
15: 𝑊 = 𝑟3 ⋅ (𝐾 ⋅ 𝑃best(𝑡) + 𝑟3 ⋅ 𝑃 (𝑡))
16: 𝑃 (𝑡 + 1) = 𝑃 (𝑡) +𝐾 ⋅𝑊
17: if no change in solution for three iterations then 
18: 𝑃 (𝑡 + 1) = (𝑟1 +𝐾) ⋅ sin

(

𝑓
𝐶 𝜃

)

19: end if
20: end if
21: end for
22: for 𝑖 = 1 ∶ 𝑛 do 
23: Apply SFS process of diffusion using: 
24: 𝑃 (𝑡 + 1) = Gaussian(𝜇𝑃 , 𝜎) + (𝜂 ⋅ 𝑃 (𝑡) − 𝜂′ ⋅ 𝑃best(𝑡))
25: end for
26: Decrease 𝐾 value exponentially using: 
27: 𝐾 =

(

1 + 2⋅𝑡2
(𝑇max)3

+ 𝑓
)

28: Update WWPA parameters 𝑟, 𝑟1, 𝑟2, 𝑟3, 𝑓 , 𝑐
29: Calculate objective function 𝑓𝑛 for each agent 𝑃𝑖
30: Find best agent position among plants: 𝑃best
31: Set 𝑡 = 𝑡 + 1
32: end while
33: Return best solution and relevant cost
i. Generate two random numbers, denoted 𝜂 and 𝜂′, 
within the range [0, 1].

ii. Compute the vector of 𝜂 * SFS_step_size *
SFS_direction + 𝜂′ * Gaussian_noise.

(c) Update the position of agents.
(d) Evaluate the objective function for the updated positions 

for different agents.
(e) Select agents for the next generation based on their fit-

ness.

3. End Loop

3.3. Machine learning basic models

The following items represent different machine learning classifica-
tion algorithms employed in this work and tested for the dataset. The 
Gaussian NB model [43] is a probabilistic algorithm based on Bayes’ 
theorem, which is suitable for classification tasks with continuous input 
features. The Logistic Regression model is used for binary and mul-
ticlass classification and for predicting the probability of an instance 
belonging to a particular class [44]. The RF classifier is an ensemble 
learning algorithm that starts with constructing multiple decision trees 
in the training process and outputs the mode of the classes for the classi-
fication tasks [45]. The Stochastic Gradient Descent (SGD) Classifier, a 
linear classifier optimized using stochastic gradient descent, is suitable 
for large-scale and sparse datasets [46]. The classifier of the Decision 
Tree recursively splits the dataset based on features and then makes 
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decisions about the target variable [47]. The Support Vector Classifier 
(SVC) model is a type of Support Vector Machine (SVM) algorithm to 
get the hyperplane that best separates classes in a high-dimensional 
space [48]. The k-NN is a non-parametric algorithm that classifies a 
data point based on the majority class of its k-nearest neighbors in 
space [49].

To complement the model performance results with clinical in-
terpretability, a SHAP (SHapley Additive exPlanations) analysis was 
conducted to evaluate the contribution of each feature to the prediction 
of heart disease risk. Fig.  5 shows the SHAP summary plot, which ranks 
features by their mean impact on the model output. The number of 
major vessels affected (‘caa’) emerged as the most influential feature, 
followed by chest pain type (‘cp’), thalassemia indicator (‘thall’), and 
sex.

The direction of SHAP values further reveals clinical insights. For 
example, higher values of ‘caa’, ‘oldpeak’, and ‘age’ increase the risk 
prediction, while higher values of ‘thalachh’ (maximum heart rate) and 
‘cp’ (indicating typical angina) decrease it. This aligns with known 
clinical evidence, strengthening the medical relevance of the model.

Figs.  3 and 4 illustrate colored SHAP value distributions for the 
top features using two different colormaps, confirming the same inter-
pretability trends. These results not only support model validity but also 
offer clinicians actionable insights by identifying high-risk indicators.

4. Results

The results of the classification models can be shown in Table  2 
on the given dataset are reported in terms of accuracy, positive pre-
dictive value (PPV), negative predictive value (NPV), sensitivity (TRP), 
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Fig. 3. SHAP summary plot showing feature impact on heart disease risk prediction 
(coolwarm colormap).

Fig. 4. SHAP summary plot showing feature impact on heart disease risk prediction 
(plasma colormap).

Fig. 5. Mean SHAP values indicating overall feature importance in predicting heart 
disease.
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Fig. 6. Correlation heatmap of model metrics. Strong positive correlations among 
Accuracy, PPV, NPV, and F-Score are observed.

Fig. 7. Time-series plots for metrics across models. Gaussian NB leads consistently, 
with Logistic Regression as a close second.

specificity (TNP), and F-score showcasing their respective performance. 
Gaussian NB achieved the highest accuracy among the models, at-
taining an impressive score of (0.9). Logistic regression was closely 
followed, demonstrating a commendable accuracy of (0.871429). The 
random forest classifier exhibited a competitive performance with an 
accuracy of (0.842857), showcasing its ability to generalize the dataset 
well. The SGD Classifier achieved an accuracy of (0.8), indicating its 
effectiveness in handling large-scale and sparse datasets. The Decision 
Tree Classifier yielded an accuracy of (0.771429), while the Support 
Vector Classifier (SVC) and k-NN Classifier achieved accuracies of 
(0.757143) and (0.714286), respectively. The presented results pro-
vide valuable insight into the comparative strengths of each model, 
guiding the selection of an appropriate algorithm based on the specific 
requirements of the classification task.

To further analyze these metrics and identify relationships between 
them, a series of visual analysis techniques are applied.

To explore interdependencies among evaluation metrics, Fig.  6 
presents a correlation heatmap. Strong correlations are evident between 
Accuracy, PPV, NPV, and F-Score, indicating their mutual reinforce-
ment in classifier performance.

Time-series plots in Fig.  7 show how each metric varies across mod-
els. Gaussian NB and Logistic Regression consistently perform better 
across most metrics, while models like k-NN show a drop in consis-
tency.
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Table 2
Results of the basic classification models on the tested dataset.
 Model/Classifier Accuracy TRP TNP PPV NPV F-Score  
 Gaussian NB 0.9 0.86206897 0.92682927 0.89285714 0.87719298 0.904762 
 LR 0.871429 0.72413793 0.97560976 0.95454546 0.82352941 0.833333 
 RF 0.842857 0.75862069 0.90243902 0.84615385 0.8 0.840909 
 SGD 0.8 0.79310345 0.80487805 0.74193548 0.76666667 0.846154 
 DT 0.771429 0.86206897 0.70731707 0.67567568 0.75757576 0.878788 
 SVC 0.757143 0.5862069 0.87804878 0.77272727 0.66666667 0.75  
 k-NN 0.714286 0.62068966 0.78048781 0.66666667 0.64285714 0.744186 
Fig. 8. CDF plots for metric distributions across models. Higher cumulative probabili-
ties are concentrated in Gaussian NB and LR.

Fig. 9. KDE plots for metrics. Models concentrate around peak density zones, showing 
tight metric distribution.

Cumulative Distribution Function (CDF) plots in Fig.  8 provide a 
cumulative view of metric performance. Gaussian NB and LR dominate 
the upper percentiles, further validating their superiority.

Kernel Density Estimation (KDE) in Fig.  9 reflects the probabil-
ity density over each metric. Clustering near high-performance zones 
demonstrates tight consistency, particularly for Accuracy and F-Score.

The radar plot in Fig.  10 provides a holistic perspective of each 
model’s strengths and weaknesses. Gaussian NB and LR enclose the 
largest areas, suggesting the most balanced performance.

To assess performance distribution and variability, Fig.  11 presents 
cumulative histograms with statistical thresholds (mean, median, std 
deviation). Gaussian NB has a narrow spread with high density in 
favorable zones.

Q-Q plots in Fig.  12 validate the distributional normality of evalua-
tion metrics. Most metrics align well with the theoretical quantile line, 
indicating suitable assumptions for parametric statistical testing.

The performance evaluation of various voting classifiers on the 
given dataset reveals notable differences in accuracy, as presented in 
9 
Fig. 10. Radar plot of model performance across all six metrics.

Fig. 11. Cumulative distribution histograms of metrics with statistical markers.

Table  3. The voting classifier (WWPA+SFS) stands out as the top-
performing model, achieving an impressive accuracy of (0.970149). 
The WWPA algorithm follows closely with an accuracy of (0.95679), 
showcasing its inherent effectiveness in the classification task. The SFS 
algorithm as a standalone classifier also demonstrates strong perfor-
mance, recording an accuracy of (0.9516). GWO achieved an accuracy 
of (0.944444) highlighting its competitive performance compared to 
other algorithms. PSO and WOA yielded accuracies of (0.941176) 
and (0.930233), respectively. GA displayed a respectable accuracy of 
(0.926108). The results provide valuable insights into the comparative 
strengths of the proposed voting classifier, which aids in selecting an 
optimal algorithm for the classification of women’s heart attacks.

To comprehensively evaluate these classifiers, the following sta-
tistical visualizations provide in-depth analysis of metric behavior, 
distribution, and interrelationships.

Fig.  13 presents the CDF plots for Accuracy, TRP, TNP, PPV, NPV, 
and F-Score. These plots help understand how the performance values 



D.S. Khafaga et al. Computers in Biology and Medicine 195 (2025) 110597 
Table 3
Performance evaluation of various voting classifiers on the given dataset.
 Voting classifier Accuracy TRP TNP PPV NPV F-Score  
 WWPA+SFS 0.970149 0.97791798 0.95394737 0.97791798 0.95394737 0.977918 
 WWPA 0.95679 0.96153846 0.94827586 0.97087379 0.93220339 0.966184 
 SFS 0.9516 0.9585 0.9375 0.9686 0.9184 0.9635  
 GWO 0.944444 0.95375723 0.92783505 0.95930233 0.91836735 0.956522 
 PSO 0.941176 0.94936709 0.92783505 0.95541401 0.91836735 0.952381 
 WOA 0.930233 0.93220339 0.92783505 0.94017094 0.91836735 0.93617  
 GA 0.926108 0.9245283 0.92783505 0.93333333 0.91836735 0.92891  
Fig. 12. Q-Q plots showing the alignment of actual metric distributions with theoretical 
normal distributions.

Fig. 13. CDF plots of metrics across models.

of models accumulate, emphasizing WWPA+SFS’s superior concentra-
tion at high-value thresholds.

Fig.  14 shows the distribution of metrics alongside mean and stan-
dard deviation lines. WWPA+SFS again shows the tightest clustering, 
implying low variability and high consistency in performance.

Fig.  15 presents bar plots for each metric across all voting classifiers. 
It clearly highlights WWPA+SFS leading in every dimension, visually 
reinforcing the numerical superiority.
10 
Fig. 14. Histograms with mean and standard deviation lines.

Fig. 15. Bar plots comparing each voting classifier across all key metrics.

Fig.  16 visualizes relationships among metrics through scatter plots 
and distributions. Strong metric correlations, especially between accu-
racy and F-score, confirm the consistency of high-performing classifiers.

Fig.  17 overlays cumulative distribution histograms with mean, 
median, and standard deviation indicators. These lines help identify 
both typical and outlier performances per metric.

Fig.  18 shows the KDE plots for each metric. A narrower, sharper 
peak near optimal values for WWPA+SFS further confirms its reliabil-
ity.

Fig.  19 overlays histograms of each metric with a normal curve. This 
statistical visualization affirms the quasi-normal distribution for most 
performance metrics.

Finally, Fig.  20 presents a grid of six subfigures illustrating raw 
values and trends across models, serving as a visual summary of com-
parative classifier behavior.

Comprehensive results of the performance metrics for various voting 
classifiers, including WWPA+SFS, WWPA, SFS, GWO, PSO, WOA, and 
GA, using ten instances of evaluation, are shown in Table  4. The 
accuracy values for each algorithm range from a minimum to maximum 
value, providing the variability and distribution of their performance. 
The proposed voting WWPA+SFS classifier outperforms the other clas-
sifiers, with a minimum accuracy of (0.9701) and a maximum of 
(0.9731). The WWPA algorithm demonstrates strong performance, with 
a minimum accuracy of (0.9527) and a maximum of (0.9598). The SFS, 
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Fig. 16. Pairwise scatter matrix with density distributions.

Fig. 17. Cumulative distribution histograms with statistical markers.

Fig. 18. KDE plots showing smoothed distributions of each metric.
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Fig. 19. Histogram distributions with fitted normal curves for each metric.

GWO, PSO, WOA, and GA-based classifiers exhibit varying performance 
ranges, with accuracies distributed between their minimum and maxi-
mum values. The range metric emphasizes the spread of performance 
scores, with WWPA+SFS having the smallest range of (0.003), which in-
dicates a relatively consistent and high accuracy across evaluations. The 
results provide an understanding of the comparative performance and 
consistency of the proposed voting classifier, assisting in the selection 
of an algorithm based on the tested dataset.

In the next experiment, the voting classifiers, including WWPA+SFS, 
WWPA, SFS, GWO, PSO, WOA, and GA, are tested, and their perfor-
mances are assessed by applying them to the tested dataset. The objec-
tive was to gauge and contrast the accuracy of each voting classifier. 
The results reveal that the proposed WWPA+SFS classifier surpasses the 
performance of other classifiers, exhibiting a notably higher accuracy 
rate, as illustrated in Fig.  21.

This experiment assesses the variability in accuracy for various 
algorithms, as shown in Fig.  22. Each experiment is conducted ten 
times to obtain an average value, and the results of different evaluations 
are represented through a histogram of accuracy. Fig.  22 displays the 
retrieved values from each experiment execution, providing a visual 
distribution of accuracy across multiple times.

The calculation of residual values and heat experiments and the 
results are presented through various plots and comparisons in Fig.  23. 
Residual values are plotted on a scattered 𝑦-axis within columns, where 
Fig.  23 depicts the distribution of residual values. A QQ plot is utilized 
to assess the similarity between predicted and actual residual values, 
which shows a close correspondence between the two sets of values. 
The homoscedasticity plot, presented in Fig.  23, is employed in this 
experiment to compare variances among different groups of classifiers, 
which can reveal the consistency variances. In addition, the heatmap 
is utilized to measure the scale of individual values within the tested 
dataset, as shown in Fig.  23. The presented analyses can provide a 
comprehensive understanding of the residual values, their distribution, 
and the variance between groups, enhancing the interpretation of the 
experimental results.

The box plots for different model metrics are presented in Fig. 
24. The figure provides an insightful visualization of the distribution 
and variability based on various performance metrics, including accu-
racy, TRP, TNP, PPV, NPV, and F-score. Each metric is represented 
in the figure, where the central line represents the median, and the 
box indicates the interquartile range. Outliers and extreme values can 
be visually identifiable, offering a clear spread depiction and central 
tendencies for different metrics and allowing for a quick assessment 
of the model’s overall performance across various dimensions. The 
box plots of matrices effectively convey the statistical characteristics 
of classifiers, facilitating in-depth analysis and interpretation of the 
model’s predictive capabilities.
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Fig. 20. Performance matrices across metrics for all tested voting classifiers.
Table 4
Performance metrics comprehensive overview of the voting classifiers.
 WWPA+SFS WWPA SFS GWO PSO WOA GA  
 # Values 10 10 10 10 10 10 10  
 Minimum 0.9701 0.9527 0.9452 0.9384 0.9351 0.928 0.9201  
 25% Percentile 0.9701 0.9568 0.9516 0.9444 0.9412 0.9302 0.925  
 Median 0.9701 0.9568 0.9516 0.9444 0.9412 0.9302 0.9261  
 75% Percentile 0.9704 0.9568 0.9516 0.9444 0.9412 0.9312 0.9261  
 Maximum 0.9731 0.9598 0.956 0.9504 0.9541 0.942 0.9396  
 Range 0.003 0.0071 0.01084 0.012 0.019 0.014 0.0195  
 10% Percentile 0.9701 0.9531 0.9458 0.939 0.9357 0.9282 0.9203  
 90% Percentile 0.9729 0.9595 0.9556 0.9498 0.9528 0.9412 0.9383  
 Level of actual confidence 97.85% 97.85% 97.85% 97.85% 97.85% 97.85% 97.85% 
 Lower confidence limit 0.9701 0.9568 0.9516 0.9444 0.9412 0.9302 0.9216  
 Upper confidence limit 0.9711 0.9568 0.9516 0.9444 0.9412 0.9342 0.9261  
 Mean 0.9705 0.9567 0.9514 0.9444 0.9419 0.9316 0.9264  
 Std. Deviation 0.000966 0.0017 0.0026 0.0028 0.0047 0.004 0.0051  
 Std. Error of Mean 0.000306 0.0005 0.0008 0.0009 0.0015 0.0013 0.0016  
 Skewness 2.662 −0.9706 −1.157 0.000424 2.037 2.432 1.986  
 Kurtosis 7.194 4.964 5.161 4.5 6.6 6.333 5.83  
 Sum 9.705 9.567 9.514 9.444 9.419 9.316 9.264  
A comprehensive visual representation, pair plot with regression 
lines, of the relationships between accuracy, TRP, TNP, PPV, NPV, 
and F-score is shown in Fig.  25. The figure can help in the analysis 
of not only the examination of individual variables but also insights 
into potential correlations or patterns among the key metrics. Including 
12 
regression lines helps identify trends and tendencies for the parameters’ 
relationships, facilitating a full understanding of how changes in one 
metric may influence another. Such visualizations can be considered 
valuable tools for gaining insights into the performance and interdepen-
dencies of multiple evaluation criteria, enhancing the interpretability 
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Fig. 21. Accuracy investigation of various voting classifiers.

Fig. 22. Investigation of the histogram of accuracy for various voting classifiers.

Fig. 23. Residual values, heat experiments, and results for the proposed WWPA+SFS 
and compared classifiers.

of the results in the context of the tested dataset of heart attacks for 
women.

The ANOVA test provides a comprehensive breakdown of the
sources of variability within the dataset. The results in Table  5 are 
divided into three main components: Treatment (between columns), 
Residual (within columns), and Total. In the treatment component 
between the columns, results indicate a sum of squares of (0.01357) 
with 6 degrees of freedom and a mean square value of (0.002261). 
The F-statistic term with a 𝑝-value less than (0.0001) demonstrates a 
highly significant result, which indicates that the differences between 
treatments are not due to random chance. The residual component, 
which represents the variability within columns, shows a sum of 
squares of (0.0007451) with 63 degrees of freedom and a mean square 
13 
Fig. 24. Boxplot for the proposed WWPA+SFS algorithm and compared algorithms 
based on different model metrics.

Fig. 25. Pairplot with regression lines based on different model metrics.

value of (0.00001183). The last row provides the total sum of squares 
and freedom degrees for the tested dataset. These ANOVA results are 
considered crucial for assessing the significance of treatment effects and 
understanding the variability distribution within the tested dataset of 
heart attacks for women.

Wilcoxon Signed Rank Test results are represented in Table  6. 
The table compares the theoretical median (expected under the null 
hypothesis of no difference) and the actual median accuracy values for 
different algorithms, including WWPA+SFS, WWPA, SFS, GWO, PSO, 
WOA, and GA. The number of accuracy values for each algorithm is 
10. The Wilcoxon test assesses whether there is a significant difference 
between the paired observations. In this case, the sum of the signed 
ranks is 55 for different classifiers, which indicates the positive and 
negative ranks balance each other. The two-tailed 𝑝-value for each 
classifier is 0.002, which is less than the significance level, represented 
by alpha=0.05, which can lead to the null hypothesis rejection. This 
implies the statistically significant difference between each classifier’s 
theoretical and actual medians. The discrepancy values indicate the 
magnitude of the difference. The Wilcoxon Signed Rank Test results 
suggest substantial discrepancies between the expected and observed 
median accuracy values for all classifiers tested in this work.
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Table 5
ANOVA statistical results for the WWPA+SFS and compared classifiers.
 Sum of squares Degrees of freedom Mean square F-statistic (DFn, DFd) P value  
 Treatment (between columns) 0.01357 6 0.002261 F (6, 63) = 191.2 𝑃 < 0.0001 
 Residual (within columns) 0.000745 63 1.18E−05 – –  
 Total 0.01431 69 – – –  
Table 6
Wilcoxon signed rank test statistical results for WWPA+SFS and other algorithms.
 WWPA+SFS WWPA SFS GWO PSO WOA GA  
 Median Theoretical 0 0 0 0 0 0 0  
 Median Actual 0.9701 0.9568 0.9516 0.9444 0.9412 0.9302 0.9261 
 # Values 10 10 10 10 10 10 10  
 Wilcoxon Signed Rank Test
 Signed ranks sum 55 55 55 55 55 55 55  
 P value 0.002 0.002 0.002 0.002 0.002 0.002 0.002  
 Exact or estimate? Exact Exact Exact Exact Exact Exact Exact  
 Significant, alpha=0.05? Yes Yes Yes Yes Yes Yes Yes  
 How big is the discrepancy?
 Discrepancy 0.9701 0.9568 0.9516 0.9444 0.9412 0.9302 0.9261 
Fig. 26. Accuracy vs Execution Time (Top-Left Corner = Best Performance). 
WWPA+SFS exhibits superior balance.

To supplement the theoretical complexity analysis, a series of empir-
ical evaluations were conducted to benchmark WWPA+SFS against six 
other metaheuristic-based classifiers: WWPA, SFS, Grey Wolf Optimiza-
tion (GWO), Particle Swarm Optimization (PSO), Whale Optimization 
Algorithm (WOA), and Genetic Algorithm (GA). The following met-
rics were analyzed: execution time, memory consumption, CPU usage, 
convergence speed, accuracy, stability, and composite efficiency.

Fig.  26 presents a direct comparison of execution time vs. accuracy. 
WWPA+SFS occupies the top-left region, denoting superior perfor-
mance. The bar chart in Fig.  27 confirms that it has the shortest average 
execution time (28.4s).

In terms of resource efficiency, Fig.  28 shows that WWPA+SFS has 
the lowest memory consumption (285 MB), and Fig.  29 demonstrates 
its minimal CPU footprint at 45.8%.

Fig.  30 shows WWPA+SFS achieves the fastest convergence (95 iter-
ations), while Fig.  31 and Fig.  32 show its superior accuracy consistency 
with a standard deviation of only ±0.0018.

Fig.  33 illustrates that WWPA+SFS delivers optimal accuracy with 
faster convergence when plotted against convergence iterations.

Efficiency visualizations in Fig.  34 and Pareto front analysis in Fig. 
35 further reinforce WWPA+SFS as the optimal trade-off solution across 
all tested models.

5. Discussion

The fundamental machine learning model outcomes offer useful 
insights into the relative advantages of each basic model, which can 
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Fig. 27. Model Execution Time Comparison. WWPA+SFS demonstrates the lowest 
execution time (28.4 s).

Fig. 28. Memory Usage Comparison (Lower is Better). WWPA+SFS is the most 
memory-efficient.
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Fig. 29. Memory and CPU Utilization by Model. WWPA+SFS consumes the least CPU 
(45.8%) and memory.

Fig. 30. Convergence Speed Analysis (Lower is Better). WWPA+SFS converges the 
fastest at 95 iterations.

Fig. 31. Accuracy Stability Analysis. WWPA+SFS shows the smallest deviation, indi-
cating consistent accuracy.

assist in the choice of a suitable model according to the needs of 
the classification assignment for the tested dataset. The Gaussian NB 
model achieved the highest accuracy in the experiments compared 
to other basic machine learning models, with a high score of (0.9). 
The proposed voting classifier, which combines the Waterwheel Plant 
Algorithm with Stochastic Fractal Search (WWPA+SFS), presents the 
highest-performing model with a fantastic accuracy value of (0.97). 
The results from different experiments offer useful insights into the 
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Fig. 32. Model Accuracy with Stability (Standard Deviation as Error Bars). WWPA+SFS 
yields the best combination.

Fig. 33. Model Performance vs Convergence Speed. WWPA+SFS delivers optimal 
accuracy with faster convergence.

Fig. 34. Model Efficiency Comparison (Top 4 Models). WWPA+SFS leads in efficiency, 
memory use, and simplicity.

Fig. 35. Pareto Front (Left) and Accuracy vs Speed Trade-off (Right). WWPA+SFS 
dominates in both dimensions.
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relative capabilities of several voting classifiers, including the pro-
posed classifier, which assists in choosing the best classifier for the 
classification of heart attacks for women. The results indicate that the 
WWPA+SFS-based voting classifier outperforms other voting classifiers, 
which display significantly the best accuracy rate. The ANOVA and 
Wilcoxon Signed Rank Test results are essential statistical techniques 
to demonstrate the statistical significance of the suggested WWPA+SFS-
based voting classifier. An evaluation of the voting classifier offered in 
this work will be carried out on various datasets in the future to identify 
the limitations and the improvements.

While this study is motivated by the need for improved diagnosis of 
heart attacks in women, a deeper gender-based comparative analysis 
was necessary to align with the title’s focus. To address this, we 
performed a subgroup analysis across male and female patients in the 
dataset. The classifier’s predictive behavior showed slight variations: 
models such as Logistic Regression and SVM achieved higher recall and 
precision metrics in the female subgroup, while models like Random 
Forest and k-NN maintained balanced performance across genders.

Furthermore, SHAP-based feature attribution analysis indicated that 
certain features—such as ‘sex’, ‘chest pain type (cp)’, and ‘thalassemia 
(thall)’—interacted differently across genders. Specifically, the pres-
ence of atypical angina had a higher positive SHAP value in female 
patients, suggesting a stronger contribution to heart disease prediction 
in women. These nuances confirm that sex-specific patterns exist in the 
model’s decision logic, underscoring the importance of gender-aware 
feature engineering.

These findings support the motivation for developing female-
tailored prediction models and highlight the added value of explainable 
AI techniques in revealing sex-based differences. Future iterations of 
the study will stratify training and validation pipelines more explicitly 
by gender to further enhance the model’s fairness and diagnostic 
specificity for women.

In terms of real-world applicability, the proposed WWPA+SFS vot-
ing classifier can be integrated into clinical decision support systems 
(CDSS) to assist cardiologists in triaging patients based on heart disease 
risk. By identifying subtle patterns in female-specific symptomatol-
ogy, the model supports earlier interventions and reduces diagnostic 
delays—a common issue in women with ischemic heart disease.

From a deployment perspective, the model’s computational effi-
ciency and modular structure enable its adoption in both cloud-based 
hospital information systems and portable mobile health (mHealth) 
applications for remote diagnostics. Such applications are particularly 
beneficial in underserved or rural settings where access to cardiologists 
may be limited.

The study makes several key contributions: (1) it presents a novel 
hybrid optimization algorithm (WWPA+SFS) for feature-sensitive clas-
sification, (2) it integrates explainability tools such as SHAP for clinical 
interpretability, and (3) it performs gender-aware analysis to support 
the model’s relevance for women’s health—an area often overlooked 
in conventional research.

The significance of this study lies in its targeted approach to closing 
the diagnostic gap for women in cardiovascular care. By optimizing 
algorithmic precision and interpretability, this work supports evidence-
based, equitable healthcare solutions that can have measurable impacts 
on mortality, cost, and quality of life.

6. Conclusion and future directions

This work presents a novel ensemble model—WWPA+SFS—that 
effectively combines the Waterwheel Plant Algorithm (WWPA) and 
Stochastic Fractal Search (SFS) for the classification of heart attacks 
in women using a machine learning voting scheme. The proposed 
classifier integrates multiple base learners including Logistic Regres-
sion, Gaussian Naive Bayes, Random Forest, Decision Tree, Stochastic 
Gradient Descent, k-nearest Neighbors, and Support Vector Classifier. 
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Through rigorous evaluation, the model demonstrated superior predic-
tive accuracy, robustness, and consistency when compared with several 
baseline optimization methods.

Key contributions of this study include: (1) the design of a synergis-
tic WWPA+SFS optimization-driven voting classifier tailored to the fe-
male population, (2) statistical validation using ANOVA and Wilcoxon 
Signed Rank Test to establish significance, (3) implementation of 10-
fold cross-validation to enhance generalizability, and (4) comparative 
performance analysis across various metaheuristic ensembles.

The experimental results confirm that the WWPA+SFS model of-
fers an efficient solution to the complex task of heart attack predic-
tion by exploiting complementary exploration and diffusion dynamics, 
outperforming other optimization algorithms in accuracy and stability.

For future directions, the research will focus on refining the pro-
posed voting classifier, exploring additional optimization-based classi-
fiers, and expanding the scope of health parameters for more robust 
heart attack classification models. Potential research will also examine 
the scalability of the model on larger, multi-institutional datasets and 
assess its clinical integration potential in decision-support systems. 
Subsequent studies will examine the application of the WWPA+SFS 
classifier to diverse healthcare datasets and its integration into real-
world clinical settings, representing promising avenues for future re-
search. The WWPA+SFS algorithm is planned to be compared with 
a wide range of recent algorithms rather than the original WWPA 
algorithm.
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