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ABSTRACT: Cardiovascular disease prediction is a significant area of research in healthcare management systems
(HMS). We will only be able to reduce the number of deaths if we anticipate cardiac problems in advance. The existing
heart disease detection systems using machine learning have not yet produced sufficient results due to the reliance
on available data. We present Clustered Butterfly Optimization Techniques (RoughK-means+BOA) as a new hybrid
method for predicting heart disease. This method comprises two phases: clustering data using Roughk-means (RKM)
and data analysis using the butterfly optimization algorithm (BOA). The benchmark dataset from the UCI repository
is used for our experiments. The experiments are divided into three sets: the first set involves the RKM clustering
technique, the next set evaluates the classification outcomes, and the last set validates the performance of the proposed
hybrid model. The proposed RoughK-means+BOA has achieved a reasonable accuracy of 97.03 and a minimal error
rate of 2.97. This result is comparatively better than other combinations of optimization techniques. In addition, this
approach effectively enhances data segmentation, optimization, and classification performance.

KEYWORDS: Cardiovascular disease prediction; healthcare management system; clustering; RoughK-means;
classification; butterfly optimization algorithm

1 Introduction

The heart plays a significant role in the body, serving as the central pump that circulates oxygen-
rich blood through a network of arteries and veins to nourish and sustain various organs and tissues. It is
widely regarded as the most essential organ for maintaining overall health and function [1]. This disease
poses a significant threat as it disrupts normal heart function, potentially leading to conditions such as
coronary artery infection as well as impaired blood vessel function, along with various other complications
[2]. According to the World Health Organization (WHO), cardiovascular disease (CVD) accounts for
17.9 million deaths annually, making it the leading cause of mortality on a global scale [3]. Engaging in
unhealthy behaviors such as obesity, high cholesterol, hypertension, and hyperglycemia significantly elevates
the likelihood of developing heart disease. In addition to these risk factors, the American Heart Association
identifies symptoms such as leg swelling, sleep disturbances, persistent cough, weight gain, and a rapid heart
rate as potential indicators of heart issues. The prevalence of heart disease places a considerable strain on the
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healthcare system, leading to an increase in hospital visits, including medical resource utilization. Despite the
severity of the condition, only approximately 35% of heart disease specialists, according to a WHO survey,
demonstrate proficiency in predicting heart attacks. Only 67% of heart problems can be accurately predicted
by doctors. Thus, there is a significant need for advancements in human prediction of heart disease [4].

Cardiovascular illness not only affects individual health but also significantly impacts national
economies and healthcare costs. Significant risk factors for cardiovascular disease include high cholesterol
levels, smoking, obesity, family history, and diabetes [5]. Healthcare providers frequently monitor the
cardiovascular health of newborns due to the potential for heart disease at birth. Fatigue and chest discomfort
are among the most common indicators of developing heart illness in infants [6]. Heart failure (HF) and
coronary artery disease (CAD) are among the ubiquitous types of heart conditions. CAD, characterized by
the narrowing or blockage of coronary arteries, is a primary cause of HE as it impairs blood flow to the
heart muscle [7]. Numerous studies focus on prognostic factors for cardiac diseases. Recently, advancements
in artificial intelligence, as well as machine learning (ML) approaches, have been increasingly applied in
the healthcare sector to enhance clinical decision-making processes [8]. ML approaches, encompassing
unsupervised, supervised, and reinforcement learning, were utilized to detect early signs of heart attacks.
Comprehensive studies have been conducted on various types of heart diseases, analyzing 56 datasets
comprising both structured and unstructured data. Researchers have also examined various ML models for
identifying heart disease and suggest that these models play a significant role in predicting heart disease [9].

Handling sparse data, time-series data, disease-related features, patient distribution across different
classes, training data preparation, and selecting the appropriate modeling algorithm are critical aspects of
developing a detection model for heart illness. These tasks involve data preprocessing, feature engineering,
balancing class distributions, and model selection to ensure accurate and robust predictions. Each step in
the process requires careful consideration and expertise to build an effective detection model for heart
illness [10]. Prior research on heart disease prediction has encountered limitations that have hindered
its effectiveness. Issues such as misclassification and detection accuracy have been notable challenges.
Consequently, there is a need to develop a model for heart illness that addresses these shortcomings. This
new model aims to ensure the accuracy and precision of findings, thereby enhancing the effectiveness of
efforts to predict heart illness. The objectives of the current work are listed below.

o A comprehensive data preprocessing pipeline is performed to effectively handle duplicate and missing
values, followed by Min-Max normalization to ensure all feature values are scaled uniformly for optimal
model performance.

o A novel approach is proposed that combines clustering techniques with the Butterfly Optimization
Algorithm (BOA) to overcome the limitations of existing predictive models. The combination of
clustering secured the optimization process for local patterns in patient data, enabling classification
based on distinctive fitness values assessed through the BOA framework.

o The results are compared efficiently with various existing models using the benchmark dataset from the
UCI repository to assess the efficiency and reliability of the proposed system.

The paper’s subsequent sections follow this structure: Section 2 presents a survey of previous
work in the field of heart disease prediction. Section 3 outlines the proposed method for predicting
heart disease. Section 4 details the experimental results and performance evaluation of the proposed
method. Section 5 is a conclusion.
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2 Literature Review

The prediction of heart disease has transitioned from manual calculations to modern automated
approaches using machine intelligence models. These advanced models can generate rules or equations from
training data to facilitate early prediction of heart diseases in patients. This section will explore the use of ML
approaches in heart illness prediction systems, which are less expensive than manual operations. Automated
ML systems utilize a variety of categorization algorithms, including decision trees (DT), K-Nearest Neighbors
(KNN), Support Vector Machines (SVM), Logistic Regression (LR), Naive Bayes (NB), and Artificial Neural
Networks (ANN). Each strategy is based on various capabilities and concepts, resulting in different prediction
outcomes. The model’s input data influences the results [11]. They learned about different classification
strategies for ML systems, as well as the performance of models—XGBoost, Logistic Regression, Naive Bayes,
Adaptive Boosting, and Bagging—using a combined dataset of 918 instances sourced from publicly available
UCI and Kaggle heart disease datasets. Among these models, XGBoost achieved the highest predictive
accuracy of 94.34%, demonstrating superior performance in heart disease detection compared to the other
algorithms evaluated [12].

Diagnosis and assessment of patient severity are the most prominent steps during ICU admission.
The proposed Integrated Disorder Detection and Severity Assessment Model (IDDSAM) is designed to
identify and evaluate cardiac conditions [13]. This model uses a multisource, multitask approach by utilizing
accessible and shareable data from diagnostic tests and bedside monitoring. This existing model helps to
evaluate and treat hospital-acquired illnesses. A Hybrid Random Forest with a linear model (HRFLM)
demonstrated significant effectiveness in predicting heart disease. By integrating the strengths of both
Random Forest and Linear Model approaches and applying them to the Cleveland heart disease dataset,
their HRFLM model achieved a predictive accuracy of 88.7%. This performance surpassed that of previously
established methods cited in their work, suggesting that such hybrid strategies hold considerable promise
for improving the accuracy of cardiovascular disease prediction through enhanced feature utilization [14].
To enhance the accuracy of medical diagnoses, numerous methods have been introduced for approximating
heart disease. A novel technique known as MLP-EDMDA is implemented to analyze the electronic health
records of heart patients [15].

ML-based approaches are presented for the identification and prognosis of chronic cardiovascular
diseases, including DT, SVM, and RF [16]. The medical records are used for the practical implementation of
the proposed system. These records are about diabetes mellitus, liver disease, and cardiovascular diseases.
Various optimization methods, such as ant colony optimization (ACO), genetic algorithms (GA), and
particle swarm optimization (PSO), are employed to address heart disease prediction. Artificial neural
networks (ANN) were used in 2019 for cardiac disease prediction. After being tuned with PSO and ACO, it
was compared to other classification approaches, such as KNN, NB, SVM, and multilayer perceptron, based
on recall, accuracy, F1 score, and precision [17].

The accuracy of heart disease prediction using ensemble classification methods was examined by Latha
and Jeeva [18]. They employed the Cleveland Heart dataset from the UCI ML repository for training and
evaluation; the study applied bagging, boosting, stacking, and majority voting algorithms. The experiments
demonstrated maximum accuracy enhancements of 6.92% via bagging, 5.94% via boosting, 6.93% via
stacking, and 7.26% via majority voting with weak classifiers. Analysis of the results indicated that the
majority voting approach achieved the most significant improvement in predictive accuracy compared to the
other ensemble techniques. The authors presented a Fitness-Oriented Dragonfly Algorithm (FODA)-based
deep learning (DL) framework for disease prediction in [19]. The FODA approach was applied to the Statlog
and Cleveland datasets using Principal Component Analysis (PCA) for feature extraction. For the Cleveland
dataset, the framework achieved accuracy, sensitivity, specificity, precision, net present value (NPV), and F1



4 Comput Mater Contin. 2025

score of 84.44%, 51.16%, 87.96%, 30.98%, 87.96%, and 38.59%, respectively. For the Statlog dataset, the results
were a specificity of 86.05%, an accuracy of 86.5%, a sensitivity of 91.2%, a precision of 38.14%, a net present
value of 86.05%, and an F1 score of 54.07%. The existing GCSA-DCNN hybrid model is a combination of a
genetic algorithm, the Crow Search Method, and a Deep Convolutional Neural Network (CNN) [20].

Researchers employed ten distinct datasets to evaluate this model. However, this investigation focused
particularly on datasets of cardiovascular disease, specifically Statlog and Heart-C. To improve the model’s
classification accuracy, they employed a feature selection strategy and tested it with 10-fold cross-validation
(CV). The models performance on the Statlog dataset was 89.10%, while on the Heart-C dataset, it was
88.30%. By utilizing DL approaches along with feature augmentation techniques, the risk of patients
developing CVD was evaluated in the existing work [21]. The existing system trained a CNN for feature
augmentation using sparse autoencoders (SAE) to reshape data into a 2D array. This approach integrates
two processes within a complex network, SAE and a classifier (MLP or CNN). The CNN outperforms the
MLP by 0.6% accuracy when jointly training the SAE. This suggests that the CNN enhances the SAE’s feature
extraction process by compelling it to identify more relevant features with spatial location information.
The MLP also influences the SAE’s feature extraction, but its impact is notably less significant than the
convolutional network. These proposed methods outperformed other models by 90% in terms of precision,
representing an improvement, especially for a condition that affects a large portion of the population.

The GAPSO-RF is a genetic algorithm combining PSO and a random forest method to help predict
heart disease [22]. In this existing system, authors developed this model using 10-fold CV on the Statlog
and Cleveland datasets. After dividing the datasets into a 70:30 train-test ratio, a Min-Max normalization
method is used to prepare the data. They optimized the GAPSO-RF model’s parameters using the grid search
approach. They declared a training time of 2559.10 s, an accuracy of 91.4%, a sensitivity of 95.56%, a precision
of 89.58%, and an area under the curve (AUC) of 92.60% for the Statlog dataset. The results for the Cleveland
dataset were as follows: 94% AUC, 95.6% accuracy, 92.68% sensitivity, and 97.44% precision. A novel method
has been developed for identifying cardiac illness employing generative adversarial networks and long short-
term memories (GAN-LSTM) [23]. This strategy consistently delivered equivalent performance outcomes
across a range of datasets and ensemble models. However, we only tested the method using electrocardiogram
(ECG) signals and avoided any additional data about other diseases. A combination of CNN and LSTM
techniques is used to classify heart disease as either normal or abnormal [24]. CNN+LSTM achieved 89%
accuracy and was validated using the k-fold cross-validation method. A hybrid approach achieves the highest
accuracy when compared to traditional ML models in cardiovascular disease classification using a hybrid
DL methodology. Various cross-validations, such as 5-fold, 10-fold, and 15-fold, were used to categorize fake
information using RNN and LSTM combination methods. RNN applies three distinct activation functions
throughout the categorization procedure. A preprocessing approach is used to sort and classify the balanced
data and features that were extracted. The combination of hybrid DL methods achieves a classification
accuracy of 95.10% [25]. As shown in Table 1, a wide range of prediction models, including base classifiers,
hybrid models, and optimization-based methods, have been explored in prior research.

Table 1: A survey of references: multiple cardiovascular disease prediction structures

Prediction techniques for heart disease Methods
Based on feature selection classifiers [2] Chi-square, along with PCA
Optimized classifier [22] GA+PSO
Base classification techniques [26] LR, SVM, NB, DT, KNN, and ANN
Hybrid classifier [27] CNN+LSTM

(Continued)
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Table 1 (continued)

Prediction techniques for heart disease Methods
Ensemble classification [28] XGB+SVM
Unsupervised classifier [29] K-means along with DT, NB, SVM, and KNN
Deep learning [30] LSTM

Fig. 1 illustrates the work contributions to heart illness prediction systems covered in this section. The
graphic indicates that most studies utilized base classifiers, followed by ensemble classifiers, and then DL
techniques [30]. Additionally, there has been less focus on developing a single efficient model, such as
optimization techniques for heart disease prediction. In this study, a novel optimization method is proposed
for predicting heart disease.

Research Contribution: Heart Disease Prediction System

F: Deep learning

E: Unsupervised classifier

G:Optimized classifier

D: Feature selection classifier

C: Hybrid classifier

A: Base classifier

B: Ensemble classifiers

Figure 1: Research contributions to ML-based cardiovascular disease prediction system

3 Proposed Model

The current section of the manuscript outlines the framework of the BOA model for classification and
the RoughK-means algorithm for feature engineering. This section presents the dataset details and the data
preprocessing steps. The corresponding block diagram of the proposed model is shown in Fig. 2.

The initial step of the data analytics task is data collection. Therefore, we obtain public data from
available sources, including the UCI repository. The next phase involves the data for our Clustered Butterfly
optimization method to enhance the system’s reliability and accuracy. Data preparation involves various
procedures, such as eliminating missing values and converting strings to nominal values. Further, the pre-
processed data will be applied to clustering techniques to categorize the most valuable neighboring patients
for model development. We then employed our innovative Butterfly algorithm to construct the heart disease
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prediction system. The BOA is utilized to refine the classification process rather than performing feature
selection. BOA optimally adjusts the decision boundaries within each cluster generated by RKM, enhancing
classification accuracy by improving the separation between data points. Through iterative adjustments,
BOA fine-tunes classification parameters, optimizing the trade-off between exploration and exploitation
to minimize misclassification errors. By integrating clustering with BOA-driven classification, the model
ensures that each segmented group is processed with higher precision, leading to improved overall predictive
performance and robustness in cardiovascular disease detection. Lastly, we did numerous experiments to
validate the performance of the proposed system using the silhouette coeflicient, error rate, recall, precision,
average accuracy, and F1 score.

Missing Values
[RoughK-means+BOA] [RoughK-means+HHO]
Features
—
-~ to — f
Dataset S RoughK-means+WOA
Spliing Butterfly Optimizatin Algorithm

(K-Fold) 4

@D | (Accuracy ) (Precision )

Data E

Prepocessing ( NHD )4—' ( Recall ) ( F-Score )

Figure 2: Block diagram of the BOA approach for clustering

3.1 Dataset Information

The Data was analysed from 303 individuals using 13 features sourced from the UCI repository’s heart
disease dataset [31]. The dataset includes a class label with five categories, ranging from 0 to 4, where 0
indicates healthy individuals and 1 to 4 represent increasing heart disease severity. Out of the 303 patients,
139 are in various stages of heart disease (1 through 4), whereas 164 are healthy. During preprocessing, we
removed irrelevant attributes and addressed missing values by imputing them with numerical values. Table 2
provides the key features of the heart disease dataset used in this study.

Table 2: Information on heart disease features

Features Type Description
Name
Age Integer Age in years
Sex Categorical Female = 0 and Male =1
Cp Categorical Chest pain 1, 2, 3, 4: typical angina = 1; atypical angina = 2;
non-angina pain = 3; asymptomatic = 4
Trestbps Integer Resting blood pressure (on admission to the hospital) mm Hg
Chol Integer Serum cholesterol mg/dl

(Continued)
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Table 2 (continued)

Features Type Description
Name
Fbs Categorical Fasting blood sugar > 120 mg/dl
Restecg Categorical Normal = 0; 1 = St-T wave abnormal
Thalach Integer Maximum heart rate achieved
Exang Categorical Exercise-induced angina
Oldpeak Integer ST depression induced by exercise relative to rest
Slop Integer The slope of the peak exercise ST segment: upsloping = 1; flat = 2;
downsloping = 3
Ca Integer Number of major vessels (0-3) colored by fluoroscopy
Target Integer 0 = no heart disease; 1 = heart disease

Features such as age, cholesterol (chol), resting blood pressure (trestbps), and maximum heart rate
achieved (thalach) exhibit a normal or skewed distribution. In contrast, categorical variables such as sex,
fasting blood sugar (fbs), and exercise-induced angina (exang) display distinct bar separations, indicating
binary classifications. The presence of peaks in certain histograms suggests the occurrence of shared
values, while scattered distributions highlight variability within the dataset. This visualization facilitates
the identification of trends, potential outliers, and data imbalances, thereby contributing to more effective
preprocessing and feature selection for subsequent analysis.

Fig. 3 uses the Pearson correlation coefficient, which can take values between -1 and +1, to depict
the linear correlations between components. Values closer to +1 indicate a stronger positive or negative
association, whereas values closer to 0 indicate a weaker or no correlation.
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Figure 3: Heatmap of all attributes for heart disease prediction
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3.1.1 Data Preprocessing

It plays a crucial role in this phase by removing duplicates and inconsistencies, filling in missing values,
and reducing the dataset to 75 attributes. Missing values are then imputed using the mean value of the
respective features. This dataset was sourced from the UCI Repository. Attribute selection was performed to
identify the 13 most relevant attributes from the UCI heart disease dataset. Initially, the dataset was utilized to
partition into clusters based on similarities in clinical characteristics, identifying the most influential features
that contributed to cluster separability. Further, redundant or highly correlated attributes were eliminated
using correlation analysis to improve classification performance. Additionally, feature scaling was applied to
normalize continuous variables, such as cholesterol and blood pressure, while categorical variables, including
sex and chest pain type, were encoded for model compatibility.

3.1.2 Data Normalization

To ensure that all features contributed equally to the clustering process, Min-Max normalization was
applied to continuous variables like age, cholesterol, and resting blood pressure. These scaled feature values,
which range between 0 and 1, prevent features with larger magnitudes from dominating the clustering
process, which is crucial for avoiding dominance by attributes with larger numeric ranges. The decision
to use Min-Max normalization stems from its ability to retain the relative distribution and spacing of data
points while ensuring that all features contribute proportionately during clustering and classification. In the
context of RKM and the Butterfly Optimization Algorithm, this scaling helps stabilize distance calculations
and optimization processes, enhancing both convergence and model accuracy. The corresponding formula
for data normalization is shown in Eq. (1).

Xhormalization = m (1)
Xmax - Xmin

From the above equation, X ormalization designates the normalized feature value, X designates the

original feature value, and Xyax — Xmin is the minimum and maximum values of the feature, respectively.

3.1.3 Data Splitting

Data division involves separating a database into two subgroups: ‘training’ and ‘testing’. The data
intended for the model input is stored in the training dataset, while the testing dataset contains data employed
to assess the effectiveness of the trained and verified strategy [32]. This helps to determine the accuracy of
the overall method and the frequency of incorrect predictions.

3.1.4 K-Fold Cross-Validation

The K-fold approach is a prominent strategy for cross-validation. The data is uniformly and randomly
distributed into k folds. The testing data is chosen, while the other sets are utilized as training data. This
process is repeated until every data set has been used as test data, signifying that the test has been conducted
in k instances. The efficacy of the proposed procedure was assessed using the k-fold cross-validation
methodology in the trials, with k being set to 5.

3.1.5 Segmentation Process

The RKM clustering algorithm is employed to segment the dataset into distinct clusters prior to
classification. Each data point was assigned to either the lower boundary, considered definitive membership,
or the upper boundary, considered uncertain membership of a cluster. The clustered data was then passed to
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the BOA, which optimized classification within each cluster, thereby improving accuracy and computational
efficiency. This allowed for the determination of the overall method’s accuracy and the frequency of
incorrect predictions.

3.2 Clustering Using RKM: Feature Selection

Lingras and West incorporated the ideas of lower and upper approximations into k-means clustering.
Using every cluster as a separate rough set with clearly defined lower boundary areas, they created a
conventional RKM clustering method. Let S; represents the i cluster and ¢; denotes the corresponding

centre in this method, where i ranges from 1 to k. S; and S;, respectively, represent the bottom and upper

boundary of the cluster S;, while S; = S; - S_i denotes the border. In RKM clustering, the object yj

demonstrates the following characteristics. The corresponding working steps of RKM are shown in the flow
diagram in Fig. 4.

+ Anobject y can be included in the low boundary of no more than one cluster.

o Ify;isnotincluded in any lower boundary, then it resides in the boundary region of two or more clusters.

o Ifyre Si, then yj € S_i all at once.

Step-1: Data Pre-processing
(Handling the missing values and Normalizing
the data)

!

Step-2: Segmentation
(Using Rough K-Means assuming k=5)

Step-3:
Check cluster membership

A h

Step-4: Assign to single cluster Step-4: Assign to multiple clusters

v

Step-5: Pass clustered data to BOA
(Optimize the classification boundaries)

Figure 4: Illustrating the segmentation and classification process of the proposed models

Fig. 4 illustrates a workflow that represents a hybrid approach combining RKM clustering with Butterfly
Optimization to enhance classification accuracy. The process initiates with data preprocessing, which
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involves handling missing values and applying normalization to ensure consistency across the dataset. Once
the data is cleaned, it undergoes segmentation using RKM with a predefined number of clusters (e.g., K = 5).
After clustering, the membership of each data point is evaluated. If a data point belongs to a single cluster, it
is placed in the lower boundary and assigned to that cluster. Conversely, if its membership is ambiguous, it is
placed in the upper boundary and associated with multiple clusters. This dual-boundary strategy enables the
handling of uncertainty in data classification. Finally, the clustered data, which accounts for both definite and
overlapping memberships, is fed into the BOA, which fine-tunes the classification boundaries to improve
model performance.

Due to these properties, RKM clustering is highly suitable for information granulation. It helps to clarify
the semantics of the generated granule further. On the other hand, it offers a convenient way to determine if
an object supports or shows any inhibitory effect on the produced granule. Lingras’ initial RKM approach,
the center c; of the cluster S; is determined [33,34]. The upper and lower boundaries of S; # @ and S; + @ are
associated, then the center is determined, as shown in Eq. (2). If the boundaries are not available, the center

is determined as shown in Eq. (3).

Zy S n Z —~
n€i €S yn
¢i = Wiower X ——— + Wupper x - i (2)
. il
Si
Zy”ES[ y?l
Ci = Vvlower X ———— (3)
s,.‘

where the parameters Wj,,,., and W, ,., denote the relative significance weights for the lower and boundary
regions, respectively, Wi,,er + Wy pper = 1 and, in general Wigyer > Wiypper, given that the lower boundary
may sometimes be empty [35]. An improved Lingras’ approximate k-means clustering iterative calculation
algorithm is used for updating the cluster center c; of the i'" cluster S; [36]. The formula provided below
generalizes the traditional k-means method. The RKM approach simplifies to the classical or hard k-means
clustering when S; # Q.

In RKM, each data point is assigned to either the lower boundary, which is a definitive cluster
membership, or the upper boundary, which is considered to be an uncertain membership. The cluster center
calculation depends on these boundaries concerning S; # @ and S; = @.If both lower and upper boundaries
exist, the centroid is a weighted sum of the two boundary centroids. Since lower boundary points are
assigned to the cluster with greater confidence, they carry a higher weight than upper boundary points.
The positioning of cluster centers is contingent upon the choice of relative weights Wi,,,., and W, ,,. The
centroid is calculated when only the lower boundary exists, using Eq. (4).

Zynesj Yn (4)

Ci =

si

A cluster S; has only a lower boundary (definitive members); the centroid is the average of all objects
in that lower boundary. Since all points in S; are fully assigned to the cluster, and they solely determine the
centroid. The centroid calculation is performed when only the upper boundary exists, when the condition is
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S; =@and § # O uses Eq. (5) for both conditions.

Zyngfg\i Yn

= (5)
Si|

C; =

If a cluster has only an upper boundary (uncertain members), the centroid is the average of all objects in
the upper boundary. Since the lower boundary is empty, we rely only on upper boundary points to determine
the centroid. The weighted centroid calculation is performed when both boundaries exist, using Eq. (6).

ZJ’”ES_,' Yn Z)g@ﬁ?- Y
— 5  t Wupper x

(6)

Ci = Wlower X

=
! ‘

si

Assign every object to the lower boundary S; or upper boundary S; of a cluster, repetitively. For each

objectvector V, letd (V, ¢;) be the distance between itself and the centroid of the cluster c;. The corresponding
equation for distance is shown in Eq. (7).

d(V,¢;) = mingicnd(V, ¢;) (7)

The difference between d (V; ¢;)/d (V; ¢j), 1< i, j < nis used to determine the membership of R as shown
inEq. (8).
d (V, C,')

d(V,¢;)

VeS; (c;)&VeS; (cj). Furthermore, V will not be a part of any lower bound. Otherwise, V € S; (c;),

If < threshold (8)

such that d (V, ¢;) is the minimum for 1 < i < #. In addition, V € S; (¢ i)

3.3 Butterfly Optimization Algorithm for Classification

The BOA is a meta-heuristic method inspired by the behavior of butterflies. As a butterfly navigates the
search space, it emits a fragrance that changes depending on its position. Butterflies can detect the scent and
are drawn to the one emitting the most pungent fragrance. This emitted scent is perceived by other butterflies,
creating a network of collective fragrances. When butterflies are within the fragrance network, they will fly
towards the one emitting the highest concentration of fragrance. This stage is known as the global search
phase. When butterflies cannot detect the fragrance network, they fly randomly. This stage is referred to as
local search. In other words, all butterflies within the search space move to new positions, and their fitness
values are evaluated using functions during every iteration. Therefore, the BOA primarily consists of two
phases: both the global and local search phases. Butterflies search for food with mating partners during both
phases [37].

The fragrance or fitness function is described as a function of the stimulus intensity and can be calculated
using Eq. (9).

fr=cl” 9)

From the above equation, the notation fr designates the fragrance intensity given oft through a butterfly,
and c represents sensory Modality with values ranging from 0 to 1. The notation I designates the stimulus
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intensity of the fragrance emitted through the butterfly, and a is the power exponent count on the sensory
modality, with values ranging from 0 to 1. Additionally, it is responsible for regulating the extent of fragrance
absorption in response to stimulus intensity. Depending on the value of fr, two primary equations exist
for updating butterflies’ positions in BOA [38]. The steps involved in BOA are represented in a flowchart

in Fig. 5.

Step-1: Initializing the Population
(Generating the initial population of butterflies and
randomly assigning the weights and parameters)

v

Step-2: Evaluate Fitness
(Assessing the classification error for each butterfly
using a fitness function.)

v

Step-3: Update Fragrance
(Adjust the fragrance intensity based on the
accuracy, stronger solution emits higher fragrance.)

Global Step 4: Local
l Local or Global Search i

Step 5: Global Search Step 5: Local Search
(Move towards the best solution.) (Fine-tune solution with in the region)

Y

Step 6: Update Solution
(Modify the butterfly position based on fragrance
intensity and search strategy)

No

Step 7:
Convergence?

Step 8: Final Optimal Model
(choose best performance classification model with
minimal error)

Figure 5: Illustrates the BOA for classification optimization
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Fig. 5 illustrates the BOA for classification, which begins by generating an initial population of but-
terflies, where each butterfly represents a candidate solution with randomly assigned feature weights and
parameters. The fitness of each butterfly is then evaluated using a classification error-based fitness function.
Based on this fitness, the fragrance intensity of each butterfly is updated; stronger solutions emit higher
fragrance levels. Guided by a probability threshold, each butterfly then performs either a global search,
moving toward the best-known solution, or a local search to fine-tune within its current region. The positions
of butterflies are updated accordingly, influenced by the intensity of their fragrance and the selected search
strategy. This process repeats iteratively until convergence is achieved, after which the butterfly representing
the most accurate classification result is chosen as the final optimized model [39].

The BOA enhances classification accuracy by optimizing feature weights and classifier parameters
through an adaptive search process. Each candidate solution, represented as a butterfly, is evaluated using
a fitness function that minimizes classification error. The algorithm iteratively refines solutions based on
fragrance intensity, where stronger solutions attract others, guiding the search toward optimal classification
performance. BOA dynamically balances global exploration and local exploitation using a switching prob-
ability, ensuring convergence to the best model configuration. This process improves decision boundaries,
reduces misclassification, and enhances overall predictive accuracy. The initial equation facilitates global
search and is denoted by Eq. (10), and the local search is determined using the formula shown in Eq. (11).

t+1
i

xit=xl+ (P x gt —xf) x frg (10)

x =l (P xxt = xl) x (1)

1

where g* represents the best solution in the present iteration, fr; denotes the fragrance intensity of the "
butterfly, and r and is a random value within the interval [0, 1]. The x; represents the " butterfly, and the x|

represents the k' butterfly within the available solution space.

The BOA algorithm comprises two search phases: local and global search. The switch probability P
regulates the transition between these phases. If the randomly generated value r is less than P, the BOA
performs a global search (exploration); otherwise, it conducts a local search (exploitation).

The table provides that BOA hyperparameter tuning relies on multiple parameters, including sensory
Modality (c), power exponent (a), and switch probability (p), which influence search behavior:

« Sensory Modality (c): Controls the fragrance perception and search intensity. We tested values in the
range [0.1,1], and ¢ = 0.5 provided a balance between exploration and exploitation.

« Power Exponent (a): Regulates fragrance absorption. Values in [0.1, 1] were tested, with a = 0.3 yielding
the best convergence behavior.

«  Switch Probability (p): Determines the transition between local and global search. We experimented
with values between 0.2 and 0.8, selecting p = 0.5 as the most effective trade-off.

The paper introduces BOA, but it lacks clarity on key aspects such as its fitness function for classification
accuracy, how the global and local search mechanisms influence boundary refinement, or how parameter
tuning is performed to suit the dataset characteristics. The parameters of Eqgs. (9)-(11) are highlighted
in Table 3. The corresponding algorithm of the proposed Hybrid RKM with butterfly optimization is
presented in Algorithm 1.
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Table 3: BOA algorithm parameter value

Parameter Description Tuned value
Population size (b) Number of candidate solutions 30
(butterflies)
Max iterations Number of optimization 100
iterations
Sensory modality (c) Controls fragrance perception 0.5
and search intensity
Power exponent (a) Regulates fragrance absorption 0.3
and convergence speed
Switch probability (p) Determines the transition 0.5

between local/global search

Algorithm 1: Hybrid RKM with butterfly optimization algorithm

Input: A Dataset with m objects and d features.
Output: Optimal number of clusters
Start
Initialize the number of clusters to n
Compute lower and upper approximations //using Rough Set Theory.
Update S;  Lower approximation.
Update § Upper approximation.
Randomly assign each object to S;, ensuring it also belongs to S

Procedure Compute centroid ()

R Zyy,esi Yn
if S; #0 &&S;=0 then c; = =
2 S,
. A Zynggf }’n
elseif S; =@ and§; # O thenc; = |f|'
Zy es; Vn
ne > nes; Yn
else ¢i = Wiower X | + Wupper x y|§$|,
Si !
end if

for i from1tom do
Compute distance d(V,¢;) = mini<;<,d(V,c;)
Compute the membership function: If % < threshold
end of for
Initialize the population of butterflies b
for i from1to max _iterations do

Compute the fragrance of each butterfly.

fr=cl®
if rand < p then /lp is the phase probability
x=xl+ (P x gt —x!) x fr; //Global Search
else

(Continued)
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Algorithm 1 (continued)

x=xl+ (r2 X X} = xf{) x fr; //Local Search
end if
Compute the new position.
Update the population.
end of for
return the optimal number of clusters

End

3.4 Details of Implementation Environment

The proposed model is evaluated in the remote environment accessed from the local machine. The entire
experimental procedure utilized the same setup for implementing and evaluating all the models considered
in the current study. The details of the implementation environment are presented in Table 4.

Table 4: Details of the experimental setup used in the study

Environment Specification
Machine DELL XPS 13 LAPTOP
Operating system Windows 11
Processor Intel core TM i7-8550U CPU @
1.99 GHz
Memory (RAM) 16 GB
Language Python
Remote machine NVIDIA Tesla P100-Kaggle
Libraries used NumPy, Pandas, Sklearn

4 Results and Discussion

The proposed model consists of two parts: a clustering phase and an optimal classification stage. We
framed five sets of experiments for evaluation. In the first phase, we will evaluate the clustering results using
the clustering algorithm. In the Second phase, we compare the outcomes of the proposed hybrid model
(RoughKMeans+BOA) with those of base classification algorithms. In the third phase, the outcomes of the
proposed hybrid model (RoughKMeans+BOA) will be compared to those of other optimization algorithms.
In the fourth phase, we compare the outcomes of the proposed hybrid model (RoughKMeans+BOA) with
those of the other four variants of the proposed hybrid models. Finally, we assess the efficiency of the
proposed model in comparison to existing approaches.

A True Positive (TP) occurs when the model correctly predicts that a patient has the disease. A True
Negative (TN) means the model correctly identifies a patient as disease-free. A False Positive (FP) happens
when the model incorrectly predicts the presence of the disease in a healthy patient. Conversely, a False
Negative (FN) occurs when the model fails to detect the disease in an affected patient. In medical diagnostics,
especially for conditions like heart disease, False Negatives are particularly dangerous because they may
result in a patient not receiving necessary treatment despite having the disease. The silhouette coefficient
(SC), among other things, is a matrix utilized to evaluate how effectively our clustering method clusters
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data. When it has a high SC score, it means that the clusters are well-grouped. Use the following metrics
to assess the effectiveness of the classification process: recall, accuracy, precision, error rate, and F1 score,
both micro-averaging and macro-averaging. Eq. (12) shows the accuracy calculation for the multi-class heart
illness classification method.

Zfl TP;+TN;
i=1 TP;+TN;+FP;+FN;

n

(12)

The performance of the RKM clustering was assessed using the Silhouette Coeflicient (SC), a widely
used metric for evaluating clustering quality. The SC measures how similar an object is to its assigned cluster
compared to other clusters, with values ranging from -1 to 1:

o SCw~1— Well-defined clusters (good separation).
o SC= 0 — Overlapping clusters (ambiguous separation).
o SC< 0 — Incorrect clustering (misclassified points).

To determine the optimal number of clusters (K), we tested values from K = 2 to K = 6. The best SC score
was obtained at K = 5, with SC = 0.72, indicating well-separated clusters. The obtained silhouette coefficient
across different clusters is shown in Table 5.

Table 5: Silhouette coeflicient for different cluster numbers

No. of clusters (K) Silhouette coefficient (SC)

2 0.61
3 0.67
4 0.70
5 (optimal) 0.72
6 0.65

The mathematical formulations for the various metrics used in the current study are listed below.

Precision: Measures the proportion of correctly predicted positive cases out of all predicted positives.
The corresponding formula for precision is shown in Eq. (13).
- TP
Precision = ——— (13)
TP+ FP
Recall (Sensitivity): Measures the proportion of correctly predicted positive cases out of actual positives.
The corresponding formula for recall is shown in Eq. (14).
TP

Recall = ——— (14)
TP+ FN

FI Score: Harmonic mean of precision and recall, balancing false positives and false negatives. The
corresponding formula for the F1 score is shown in Eq. (15).
Precision x Recall

F1=2x 15
Precision + Recall (15)

Setup 1: RKM clustering yields
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The RKM clustering approach partitions the complete dataset into C distinct clusters. Initially, we
utilized C values of 2, gradually increasing them to compute the SC value. The SC value increases as the
number of clusters increases because the two elements are directly related. On the other hand, for specific
K values, performance will improve or stay the same compared to others. The ‘Elbow’ method is a strategy
that utilizes this K number—the optimal K value—to improve performance. According to the experiment’s
results, the optimal K value for this experiment is 5. The clustering quality was assessed using the Silhouette
Coefficient (SC), which measures the cohesion within clusters and separation between clusters. SC values
were computed for different numbers of clusters K, and the results were plotted in Fig. 6. The peak SC value of
0.72 at K =5 confirmed the optimal cluster configuration, ensuring well-separated and meaningful groupings
for subsequent classification. Table 6 below shows the sample counts for each cluster. Fig. 6 displays the SC
value on the Y-axis and the No. of clusters, ranging from 2 to 6, on the X-axis. The graphic demonstrates
that the optimal cluster size, K = 5, yields the maximum SC value.

Silhouette Coefficient vs. Number of Clusters

0.9 4

Linear Fit
& Ssilhouette Coefficient +
0.8

0.7
0.6
0.5

0.4

Silhouette Coefficient

0.3 1

0.2 1

2.0 2.5 3.0 35 4.0 45 5.0 5.5 6.0
Number of Clusters

Figure 6: The outcome of the clustering process according to SC

Table 6: Sample counts for each cluster (K = 5)

Cluster (K) Number of samples

Cluster 1 46
Cluster 2 66
Cluster 3 84
Cluster 4 58
Cluster 5 49

The clustering efficiency of the RKM algorithm is displayed by selecting attributes from the dataset.
These attributes represent crucial features that contribute to cluster formation, including patient-specific
health metrics such as age, sex, cholesterol levels, high blood pressure, chest pain, and maximum heart
rate. Fig. 7 provides insight into the separation between clusters and the presence of boundary regions,
demonstrating the algorithm’s ability to manage uncertainty in data assignment. The distribution of data
points across clusters further supports the model’s effectiveness in segmenting information, ultimately
enhancing classification accuracy.
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Figure 7: RKM Clustering performance. (a) attribute one age, attribute two sex, (b) attribute one age, attribute two
cholesterol levels, (c) attribute one age, attribute two high blood pressure, (d) attribute one age, attribute two chest pain,
(e) attribute one age, attribute two maximum heart rate, (f) attribute one age, attribute two old peaks

Fig. 7 represents RKM clustering performance. Attribute 1 is plotted on the x-axis, with a range from
around —100 to 100, and Attribute 2 is plotted on the y-axis, with values between —1.0 and 1.5. The horizontal
spread of data points might indicate that Attribute 1 has a broader range and varies independently, while
Attribute 2 is relatively stable. This plot reveals two distinct groups with different distributions along Attribute
1 but minimal change along Attribute 2. The ellipses emphasize the separation between the groups on the x-
axis, while Attribute 2 remains stable. The plot illustrates that Attribute 1 varies independently across groups,
whereas Attribute 2 shows limited variation. The ellipses reinforce the visual separation between the groups,
suggesting that they have unique characteristics along the x-axis but overlap along the y-axis.

Setup 2: Comparison of the proposed model, RoughK-BOA, with existing base classification
algorithms

The clustering process sends the output to the Butterfly Algorithm (BA) classification algorithm. Each
cluster is seen as an optimal classification problem. A cluster includes two categories of data: disease samples
and non-disease samples. The k-fold method and BA preferences separate these into training and test data.
The BA procedure begins with an objective function, such as collecting and comparing training samples
with test data. The objective function, in this case, is the Euclidean distance between each training data point
within the cluster and the test data. Since this is a minimization problem, our goal is to reduce the gap between
the training and testing data. The claim is that after a set number of iterations, the output of the test data is
similar to the best training data globally. We compared our model outcomes with those of standard classifiers,
including DT, RE, NB, SVM, and KNN, as presented in Table 7 below, to evaluate the error rate, average
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accuracy, recall, F score, and precision. The pre-processed data is split into training and testing sets using the
holdout method. The performance is evaluated based on precision, average accuracy, recall, error rate, and
micro and macro-f-scores. In this method, clustering stages are omitted. Experimental results indicate that
the proposed clustered BA exceeds the performance of baseline classification methods. Fig. 8 illustrates the
confusion matrices comparing the proposed RoughK-BOA model with traditional classifiers.

Table 7: Performance evaluation of the proposed model compared to conventional models

Classifiers RoughK-BOA DT RF SVM KNN NB

Avg. accuracy 97.03 90.10 90.43 86.80 88.12 891
Error rate 2.97 990 957 1320 11.88 10.84
Macro precision 97.00 89.75 9015 86.84 8752 88.40
Macro recall 96.89 89.54 9035 8549 8752 88.75
Macro F-score 96.83 89.64 90.24 8597 8752 88.56
Micro precision 97.03 90.10 90.43 86.80 8812 89.11
Micro recall 97.03 90.10 90.43 86.80 8812 89.11
Micro F-score 97.03 90.10 90.43 86.80 8812 89.11
Confusion Matrix RoughkK-BOA Confusion Matrix DT Confusion Matrix RF
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Figure 8: Confusion Matrix for cluster butterfly classification with based classifiers (a) Roughk-BOA, (b) DT, (c) RE
(d) KNN, (e) SVM, and (f) NB

The performance of various classifiers, including RoughK-BOA, DT, RE, SVM, KNN, and NB, can
be analyzed using their respective confusion matrices. These matrices illustrate the effectiveness of each
model in classifying instances into positive and negative categories. SVM and KNN have exhibited slightly
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higher misclassification rates, particularly in false positives. RF and DT have performed moderately well,
maintaining a good balance between sensitivity and specificity. Naive Bayes has exhibited reasonable
performance but with a slightly higher number of misclassifications compared to RoughK-BOA. Finally,
RoughK-BOA outperformed all classifiers, while RF and DT performed well, making them more reliable.
SVM, KNN, and NB had higher false predictions, indicating lower classification efficiency.

Setup 3: Comparison of the proposed model, RoughK-BOA, with the existing optimization algorithm

This section employs various optimization techniques, including HHO, MA, and GWO, among
others, to assess the performance of the cluster-based BOA [34-36]. The k-fold technique divides the pre-
processed data into training and testing. Evaluate performance using average accuracy, precision, F-score,
error rate, and recall, incorporating both micro- and macro-averaging. This approach notably omits the
clustering stages. Results in Table 8 demonstrate that the clustered BOA significantly outperforms other
optimization techniques. Fig. 9 presents the confusion matrices comparing the RoughK-BOA model against
various optimization-based classifiers, including Harris Hawks Optimization (HHO), Grey Wolf Optimizer
(GWO), Mayfly Algorithm (MA), Whale Optimization Algorithm (WOA), and Teaching-Learning-Based
Optimization (TLBO), demonstrating the classification effectiveness of the proposed approach.

Table 8: Performance evaluation of the proposed model along with optimization models

Classifiers RoughK-BOA HHO GWO MA WOA TLBO

Avg. accuracy 97.03 9472  91.09 9274 8746  83.83
Error rate 2.97 5.28 8.91 726 1254 16.71
Macro precision 97.00 94.42 90.73 92.42 8690 83.24
Macro recall 96.89 94.79 9097 9276 8769  83.96
Macro F-score 96.83 9459 90.89 92.74 8720  83.48
Micro precision 97.03 94.72  91.09 92.74 8746  83.83
Micro recall 97.03 9472  91.09 9274 8746  83.83
Micro F-score 97.03 9472 91.09 92.74 8746  83.83
Confusion Matrix RoughK-BOA Confusion Matrix HHO Confusion Matrix GWO
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Figure 9: (Continued)
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Figure 9: Confusion matrix for RoughK-BOA classification with optimization classifier, where (a) RoughK-BOA, (b)
HHO, (c¢) GWO, (d) MA, (e) WOA, and (f) TLBO

The performance evaluation of optimization-based classifiers, including RoughK-BOA, HHO, MA,
GWO, and WOA, highlights their classification efficiency based on confusion matrices. RoughK-BOA
achieved the highest accuracy of 97.03%, followed by HHO of 94.72%, and MA of 92.74%, all of which
exhibited low misclassification rates. GWO (91.09%) also performed well, while WOA of 87.46% had a slightly
higher false positive rate and TLBO of 83.83%. The confusion matrices indicate that RoughK-BOA and HHO
provided the most reliable predictions with minimal errors, making them the most effective classifiers among
the optimization-based models.

Setup 4: Comparison of the proposed model with hybrid approaches, with similar hybrid models

In this section, the exploratory results are explained using the hybrid model. Fig. 10 illustrates the
classifier performance method for the expected hybrid method and other hybrid classifiers. The results
show that the proposed hybrid model achieves the best performance compared to the other five proposed
hybrid methods: RoughK-BOA, RoughK-HHO, RoughK-MA, RoughK-GWO, and RoughK-WOA. The best
performance gives the Roughk-means-BA. The performance evaluation of different classifiers was conducted
using key metrics, including accuracy, error rate, precision, recall, and F1 score. Among the models, RoughK-
BOA achieved the highest accuracy of 97.03%, and the lowest error rate of 2.97%, indicating its effectiveness
in classification. Additionally, it demonstrated superior precision of 97%, making it a strong candidate for
optimal performance. Meanwhile, RoughK-WOA and RoughK-MA exhibited the highest macro recall rates,
89.14% and 94.06%, respectively, indicating their strong ability to identify positive instances.

The evaluation of RoughK-BOA, RoughK-HHO, RoughK-GWO, RoughK-MA, RoughK-TLBO, and
RoughK-WOA classifiers highlights their classification efficiency based on confusion matrices and key per-
formance metrics. The corresponding observed values are tabulated in Table 9. RoughK-BOA demonstrated
the highest accuracy of 97.03%, effectively minimizing false predictions. The assessment of precision, recall,
and F1 score confirms that RoughK-BOA and RoughK-HHO deliver superior classification accuracy, making
them more effective for high precision.

It can be observed from the above table that the RoughK-BOA is performing comparatively better than
the other combinations of the RKM approaches. RoughK-BOA holds the highest average accuracy of 97.03
and the lowest error rate of 2.97, which is the least among the different combinations. Furthermore, the
performance of the proposed model is evaluated using Receiver Operating Characteristic (ROC) curves,
which illustrate the relationship between the true positive rate and the false positive rate. The AUC was
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calculated for each model to quantify its classification capability. A higher AUC value indicates better
performance in distinguishing between classes. The corresponding ROC curves are shown in Fig. 11.
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Figure 10: Confusion matrix for RoughK-BOA classification with Hybrid classifiers, where (a) RoughK-BOA, (b)
RoughK-HHO, (c) RoughK-GWO, (d) RoughK-MA, and (e) RoughK-WOA, (f) RoughK-TLBO

Table 9: Comparison of the classifiers of the proposed RoughK-means-BOA model with the other four hybrid models

Metrics Roughk- RoughK-  RoughK-  RoughK-  RoughK-  RoughK-
BOA HHO GWO MA WOA TLBO
Avg. accuracy 97.03 95.74 92.41 94.06 88.13 90.73
Error rate 2.97 4.26 7.59 5.94 10.86 9.27
Macro 97.00 95.75 9242 93.87 88.72 90.40
precision
Macro recall 96.89 95.43 91.84 93.87 88.96 90.60
Macro F-score 96.83 95.58 92.10 93.87 88.83 90.52
Micro precision 97.03 95.74 92.41 94.06 89.14 90.73
Micro recall 97.03 95.74 92.41 94.06 89.14 90.73
Micro F-score 97.03 95.74 92.41 94.06 89.14 90.73
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ROC Curve for Different Classifiers
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Figure 11: ROC curve for various Hybrid Models of RoughK-means

The ROC curve provides a visual comparison of the models, demonstrating their effectiveness in
classification. Based on the overall analysis, RoughK-BOA proves to be the most efficient model, offering a
balanced trade-oft between precision and recall while maintaining the highest accuracy.

Setup 5: Comparison of results with existing hybrid approaches

The proposed cluster BOA technique involves utilizing RKM with BOA segmentation techniques
to group the data, followed by a BOA approach to each clustered dataset. This approach demonstrates
improved performance compared to various hybrid knowledge systems developed in previous research
studies, as shown in Table 10. Prasanna et al. [35] employ k-means clustering alongside multiple classifi-
cation algorithms, including DT, NB, SVM, and KNN. Vijaya et al. [40] have used the Clustered Genetic
Algorithm(C-GA) achieved the highest prediction accuracy of 94.56%, outperforming traditional models
like RF of 89.48%, DT of 88.49%, SVM of 85.44%, and optimization methods such as ACO of 93.35% and
Firefly approach with 92.94%, demonstrating its effectiveness for heart disease prediction [40]. Vijaya et al.
[41] segmented the data using clustering techniques and then applied PSO to each clustered dataset. The
experimental results reveal that the Decision Tree classifier outperforms the other algorithms in terms of
predictive accuracy.

Table 10: Accuracy comparison with other existing models

Methods Accuracy
K-means with DT [35] 91.00%
Clustered GA [40] 94.56%
Clustered PSO [41] 96.00%

RoughK-means BOA (Proposed)  97.03%

As shown in table above, the performance analysis of the proposed model across various configurations
reveals that the RoughK-BOA model outperforms. However, the current study is confined to the ML model,
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where the performance of DL models is evaluated. This is considered a potential limitation of the current
study. The dataset considered in the current study is limited in size. Performing data augmentation to enhance
the dataset’s size would have a significant impact on the model’s performance, which is not analyzed in this
study. Fine-tuning of the model parameters would affect performance, which is not performed in the current
research and is considered a potential limitation of the study.

4.1 Ablation Study

The ablation study is performed in the current research concerning the featured engineer; the perfor-
mance of the proposed model is evaluated by removing the RoughK algorithm. The observed results for the
proposed RoughK-BOA and BOA alone are presented through the confusion matrix, as shown in Fig. 12,
and the corresponding metric values are also updated in Table 11.
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Figure 12: The confusion matrix obtained during the ablation study

Table 11: The performances of the RoughK-BOA and BOA alone across various performance metrics

Classifiers RoughK-BOA  BOA

Avg. accuracy 97.03% 89.58%
Error rate 2.97% 10.42%
Macro precision 97.00% 89.65%
Macro recall 96.89% 89.58%
Macro F-score 96.83% 89.59%
Micro precision 97.03% 89.58%
Micro recall 97.03% 89.58%
Micro F-score 97.03% 89.58%

It can be observed from the experimental outcome that the RoughK-means for feature selection does
have a significant impact on the performance of the classification outcome of the model. The RoughK-BOA
exhibited an accuracy difference of 7.45% over the BOA approach alone.
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4.2 Potential Limitations

The limitations of this study, which demonstrate high classification accuracy using RoughK-means
and BOA, also present several limitations. The use of a relatively small dataset (303 samples from the UCI
repository) may limit the generalizability of the findings. No data augmentation techniques were applied,
which could have helped reduce the risks of overfitting and enhanced the model’s robustness. The evaluation
was performed on a single dataset without external validation, and DL models were not included for
comparison, which might have provided a stronger benchmark.

Data augmentation techniques are a valid strategy for addressing limitations related to small dataset
sizes, which can lead to overfitting or underfitting in machine learning models. In this study, the dataset
used comprises only 303 samples, which may restrict the model’s capacity to generalize well to unseen
data. By artificially expanding the training data through augmentation methods—such as synthetic instance
generation, bootstrapping, or SMOTE—diversity within the dataset can be increased without the need to
collect new samples. This helps reduce the risk of overfitting by exposing the model to a broader range of
patterns during training and minimizes underfitting by providing more representative examples for each
class. Therefore, integrating data augmentation into future iterations of the proposed RoughK-BOA model
could further enhance its robustness and predictive performance.

4.3 Practical Implications

Deployment: The proposed RoughK-means+BOA model has significant practical applications in real-
world healthcare systems. It can be integrated into Clinical Decision Support Systems (CDSS), wearable
health monitoring devices, and hospital EHR systems to provide automated and real-time risk assessment.
The RoughK-BOA model is adaptable to various deployment settings. It can be embedded into CDSS
platforms to assist clinicians during consultations, integrated with oM T-based wearable devices for real-time
monitoring, or deployed as a secure cloud API for mobile health applications. These options ensure scalable,
efficient, and accessible cardiovascular risk prediction across both centralized and remote care environments.

5 Conclusion and Future Enhancements

Prediction of coronary artery illness is crucial, as the WHO recognizes it as the leading cause of
mortality worldwide. Therefore, our goal is to improve the accuracy of these forecasts. This work presents
a new approach, the clustered BOA method, for predicting coronary artery disease. The proposed hybrid
model has two modules: clustering and classification. The clustering module utilizes the RoughK-means
algorithm to group data, while the classification module uses BOA. Experiments evaluated the classification
results and compared them with those of other popular classification methods. The final set of studies
compared the proposed hybrid approach to several newly proposed hybrid organizational approaches. All
results indicate that the hybrid model-based learning scheme is highly promising and outperforms previous
models. The proposed methodology enhances the prediction process, achieving higher accuracy than current
classification algorithms and other swarm intelligence algorithms.

The proposed RoughK-BOA model has significant practical applications in real-world healthcare
systems. It can be integrated into Clinical Decision Support Systems, wearable health monitoring devices,
and hospital EHR systems to provide automated and real-time risk assessment. The model’s clustering
mechanism enhances early disease detection and identifies patient risk levels, providing targeted preventive
care. Additionally, its high accuracy of 97.03% reduces the likelihood of misdiagnosis, thereby improving
clinical decision-making.
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For future research, integrating the model with IoT-based healthcare systems will enable real-time
monitoring of cardiovascular conditions, with a focus on utilizing edge computing to enhance efficiency and
effectiveness. Expanding the study to larger and more diverse datasets, incorporating real-world hospital
records and multi-modal inputs such as ECG signals and wearable sensor data, will improve the model’s
adaptability. The execution time is a crucial metric that has not been considered in the current evaluation
and can be included in future studies for a comprehensive analysis of performance. Data augmentation has
a significant impact on working with smaller datasets, which can be considered in future work. Further
advancements may involve combining BOA with DL methods, such as CNNs, RNNs, or Transformer models,
to refine feature extraction and classification processes.
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