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ABSTRACT 

The rise in mortality due to Coronary Artery Disease (CAD) underscores the urgent need for accurate, 

early-stage detection systems. Traditional classification models often struggle with imbalanced datasets, 

irrelevant features, and limited interpretability, hindering clinical reliability. This study introduces an 

optimized hybrid diagnostic model Firefly Swarm Optimization-based Decision Tree (FSO-DT)designed to 

overcome these limitations. The approach leverages the bio-inspired characteristics of firefly swarms to 

perform robust feature selection, reducing dimensionality and enhancing classification relevance. The 

refined feature set is subsequently processed through a decision tree classifier, selected for its transparency 

and clinical interpretability. The proposed model was evaluated using a benchmark CAD dataset, assessing 

performance through key metrics including accuracy, sensitivity, specificity, and F1-score. Results indicate 

significant improvements compared to conventional classifiers and unoptimized decision trees. This 

optimization not only improves classification performance but also ensures model efficiency by minimizing 

computational overhead. The FSO-DT model delivers an interpretable and scalable solution, capable of 

aiding clinicians in risk assessment and decision-making processes. The bio-inspired nature of the 

algorithm ensures adaptability across diverse clinical scenarios, making it a promising tool in medical data 

analytics. This work contributes to intelligent healthcare systems by integrating evolutionary computation 

with interpretable learning, fostering advancements in early diagnosis and patient-centered outcomes. 

Keywords: Coronary Artery Disease, Firefly Swarm Optimization, Decision Tree, FeatureSelection, 

Medical Diagnosis, Classification Accuracy 

 

1. INTRODUCTION 

Coronary artery disease (CAD) is a life-

threatening cardiovascular condition characterized 

by reduced blood flow to the heart due to plaque 

buildup in the arteries. This condition leads to 

complications such as chest pain, irregular heart 

rhythms, and, in severe cases, heart failure or 

sudden cardiac arrest [1]. As one of the most 
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prevalent types of heart disease, CAD significantly 

contributes to morbidity and mortality worldwide. 

The disease develops gradually, often without 

noticeable symptoms in its early stages, making 

timely detection crucial. Lifestyle factors, genetic 

predisposition, and metabolic disorders increase the 

likelihood of developing CAD [2]. While effective 

treatments exist, preventing complications requires 

early identification and risk assessment. The 

complexity of this condition necessitates advanced 

diagnostic methods that can detect subtle changes 

in heart function before irreversible damage occurs. 

Delayed or inaccurate diagnoses may lead to severe 

health consequences, including myocardial 

infarction. Addressing this challenge demands the 

integration of efficient diagnostic techniques that 

can enhance accuracy, reliability, and early disease 

intervention while minimizing procedural risks [3].   

 

For decades, CAD detection has relied on 

medical evaluations, imaging techniques, and 

invasive testing. Electrocardiograms (ECG), stress 

tests, and coronary angiography have been widely 

used to assess heart function and detect arterial 

blockages. While these methods provide critical 

insights, they often require skilled interpretation, 

specialized equipment, and significant patient 

cooperation [4], [5]. Invasive techniques pose 

potential risks, such as bleeding, infection, or 

radiation exposure. Non-invasive alternatives, 

including computed tomography (CT) scans and 

echocardiograms, offer safer diagnostic options, but 

their accuracy depends on multiple factors, such as 

image clarity and operator expertise [6]. Advances 

in computational techniques have introduced data-

driven approaches that analyze patient records, 

imaging data, and biomarkers to enhance CAD 

detection. These automated methods assist in 

reducing the burden on healthcare professionals 

while improving diagnostic precision [7]. Despite 

these advancements, existing methods often 

struggle with consistency across diverse patient 

populations. This highlights the need for intelligent 

systems capable of improving CAD risk assessment 

while maintaining efficiency and affordability [8].   

 

Machine learning has revolutionized CAD 

diagnosis by enabling automated analysis of 

complex patient data. By processing vast amounts 

of clinical records, imaging results, and laboratory 

findings, these models identify hidden patterns that 

are difficult for human experts to detect [9]. 

Machine learning systems utilize structured and 

unstructured medical data to generate predictive 

insights, improving disease detection rates. Unlike 

conventional diagnostic approaches, these models 

continuously learn and refine their predictions, 

adapting to new information. This enhances their 

ability to classify risk levels and predict future 

cardiovascular events with greater accuracy [10], 

[11]. Automated systems streamline the diagnostic 

process, allowing healthcare providers to make 

informed decisions with minimal delay. The 

integration of these intelligent models into medical 

workflows accelerates early detection efforts, 

ensuring timely intervention. Challenges remain in 

ensuring model generalization, data quality, and 

ethical considerations surrounding AI-driven 

healthcare. Overcoming these limitations requires 

continuous advancements in algorithmic 

development and the integration of diverse medical 

datasets [12].   

 Traditional diagnostic methods often 

involve prolonged testing, expensive procedures, 
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and extended hospital visits [13]. Machine learning-

based models reduce the need for multiple tests by 

providing rapid, data-driven risk assessments, 

minimizing both time and financial burdens. 

Automated prediction models assist clinicians in 

prioritizing high-risk patients, allowing for early 

preventive measures [14]. These models reduce 

dependency on invasive procedures, lowering 

patient discomfort and associated complications. 

Additionally, machine learning facilitates 

personalized medicine by tailoring risk assessments 

based on individual patient characteristics, 

optimizing treatment strategies [15], [16]. The 

adaptability of these models ensures that as more 

data becomes available, predictive accuracy 

continues to improve. By integrating machine 

learning into routine diagnostics, hospitals and 

clinics can enhance efficiency while reducing 

operational costs. This approach strengthens early 

intervention efforts, improving patient outcomes 

and reducing the overall incidence of severe 

cardiovascular events [17].   

 

Incorporating bio-inspired optimization 

techniques further enhances machine learning-

based CAD prediction models. These optimization 

strategies improve feature selection, parameter 

tuning, and classification accuracy, ensuring robust 

predictive performance[18]. Inspired by biological 

systems, these techniques refine machine learning 

algorithms to achieve better adaptability, efficiency, 

and accuracy. By mimicking natural problem-

solving processes, these methods optimize models 

to identify relevant features while eliminating 

redundant information. This reduces computational 

complexity, making machine learning systems 

more efficient for real-time applications [19]. Bio-

inspired optimization enhances the generalizability 

of predictive models, ensuring reliability across 

diverse patient demographics. These techniques 

improve decision-making processes, providing 

healthcare professionals with precise insights into 

disease risk [20]. The integration of optimization 

strategies with machine learning strengthens 

diagnostic frameworks, making CAD prediction 

more effective and scalable. As research continues, 

the synergy between machine learning and bio-

inspired techniques holds promise for developing 

intelligent, high-precision healthcare solutions [21]. 

This fusion advance cardiovascular disease 

management, leading to improved prevention, 

diagnosis, and treatment strategies [22]. 

 

1.1. Problem Statement 

 

Coronary artery disease (CAD) is a life-

threatening condition that progresses silently until 

reaching advanced stages. Its detection traditionally 

relies on invasive, high-cost diagnostic tools and 

human expertise, limiting accessibility and 

accuracy across various healthcare environments. 

These existing diagnostic approaches often fail to 

adapt to heterogenous patient data and struggle with 

generalizability, contributing to high false detection 

rates. Conventional machine learning models, 

though promising, suffer from rigid optimization 

strategies, leading to suboptimal feature selection, 

data imbalance sensitivity, and overfitting. These 

issues severely compromise prediction reliability. 

The gap between robust clinical application and 

algorithmic prediction accuracy widens in scenarios 

involving limited computational resources or 

insufficient labeled data. Without timely, accurate 

identification of CAD, the risk of irreversible heart 
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damage and fatal outcomes escalates significantly. 

A fundamental shift is required in diagnostic 

methodologies to incorporate adaptive, intelligent 

systems that ensure higher precision, reliability, and 

early intervention across demographically and 

clinically diverse patient populations. 

 

1.2. Motivation 

 

Cardiovascular mortality driven by 

coronary artery disease continues to rise, 

particularly in regions with limited access to 

advanced diagnostic infrastructure. The urgency for 

effective, low-cost, and interpretable predictive 

models arises from this disproportionate healthcare 

burden. Conventional CAD diagnostic systems are 

either inaccessible to rural populations or 

ineffective in detecting early pathological changes. 

There exists a significant opportunity to bridge this 

diagnostic divide through intelligent automation 

and optimization. Integrating biologically inspired 

algorithms into prediction systems offers potential 

to enhance feature selection and model 

performance. Firefly swarm optimization provides 

a flexible, nature-driven mechanism to identify 

relevant data patterns with high accuracy and 

adaptability. Leveraging such algorithms not only 

improves sensitivity and specificity but also 

supports real-time clinical decision-making with 

limited computational load. The pursuit of such 

innovation aligns with the broader vision of 

equitable healthcare by empowering clinicians with 

interpretable, scalable tools for early CAD 

diagnosis, irrespective of infrastructural or 

demographic constraints. 

 

 

1.3. Objective 

 

This research aims to develop a robust and 

interpretable predictive model for coronary artery 

disease using a Firefly Swarm Optimization-

enhanced Decision Tree (FSO-DT) framework. The 

objective focuses on resolving core limitations of 

existing diagnostic systems by integrating swarm 

intelligence into the feature selection and decision-

making processes. The proposed method will 

explore multi-dimensional clinical datasets to 

identify the most relevant attributes influencing 

CAD while minimizing noise and redundancy. 

Firefly optimization will adaptively enhance the 

decision tree's learning pathway, ensuring optimal 

split conditions and greater accuracy without 

overfitting. The model seeks to achieve high 

classification precision, sensitivity, and specificity 

under constrained computational settings. Emphasis 

will be placed on model interpretability, allowing 

medical practitioners to understand and trust the 

decision pathways. The final deliverable is a 

lightweight, adaptive, and scalable diagnostic tool 

that maintains consistency across diverse patient 

populations, enabling proactive disease 

management and improving clinical outcomes in 

real-world environments. 

 

2. LITERATURE REVIEW 

 

"Hybrid Harris Hawks Approach (H-

HHO)" [23] utilizes a hybrid design that integrates 

the dynamic movements of Harris Hawks with 

swarm-based control strategies derived from PSO. 

The model initiates with population-based 

initialization, followed by adaptive transition 

control using a modified escape energy function 
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based on a sine transformation, which governs the 

shift from exploration to exploitation. A velocity 

component borrowed from PSO supports broader 

spatial movement, enabling escape from local 

minima. The system also incorporates a progressive 

local search refinement through inertia modulation, 

which decreases over iterations to favor 

convergence. A contextual filter is applied early in 

the pipeline to emphasize feature dependency on 

domain-specific relationships, integrating real-

world clinical parameters. The combined control 

mechanisms within H-HHO are executed iteratively 

across the search space, adjusting both direction 

and intensity of movements using adaptive 

feedback from solution quality, which drives the 

optimization of model parameters used in CAD 

classification workflows. 

 

"Two-Layered Voting - Machine 

Learning Framework (TLV-MLF)" [24] 

establishes a two-phase modular workflow 

combining statistical feature relevance assessment 

with classifier consensus-based decision making. 

The first phase utilizes a multivariate selection 

protocol that fuses the outcomes of ANOVA F-test, 

Chi-squared metrics, and Mutual Information 

through ensemble aggregation. Each statistical 

method independently scores features, and their 

outputs are integrated via a decision logic that 

filters features based on combined evidence. Once 

this subset is identified, the second layer assembles 

an ensemble of diverse classifiers. The classifiers 

are arranged to function under a voting strategy 

where each algorithm contributes either a binary 

(hard) or probabilistic (soft) vote. GridSearchCV 

operates in tandem with the classifier layer, 

conducting exhaustive tuning of model parameters 

under cross-validated folds. The entire system is 

designed to maintain independence between 

selection and prediction stages, allowing optimized 

feature sets to dynamically support the 

classification layer, while model outputs are fused 

to generate a resilient prediction protocol for CAD 

recognition. 

 

“BiLSTM-HT-CHD” [25] integrates 

BiLSTM with hyperparameter tuning for predicting 

heart disease in mobile cloud settings. 

Preprocessing includes outlier removal, 

normalization, and SMOTE. An attention 

mechanism ranks features selected from XGBoost, 

RF, CatBoost, and LDA. Grid search optimizes 

performance. Deployment through Amazon 

SageMaker enables real-time, scalable predictions. 

Designed for clinical use, it automates learning, 

refines feature relevance, and ensures accurate 

cloud-based diagnostics by integrating 

classification tuning with remote patient 

management. “ECG-ML-Classifier” [26] 

processes ECG signals using supervised learning to 

detect heart disease. Gaussian Naïve Bayes, RF, 

Logistic Regression, LDA, and a Dummy Classifier 

evaluate ECG features for classification. Each 

model calculates probability scores to distinguish 

abnormal rhythms. The system improves detection 

through statistical metrics, reducing reliance on 

manual analysis. Trained classifiers adapt using 

historical ECG patterns, yielding efficient early 

diagnoses through structured predictive pipelines 

tailored for automated cardiac risk evaluation. 

“ML-Heart-Predict” [27] analyzes twelve 

machine-learning models to detect heart disease. 

Techniques include SVM, RF, and Logistic 

Regression, evaluated through accuracy, ROC, and 
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confusion matrices. Feature importance is derived 

using Shapley values. SVM exhibits top 

performance in accuracy and precision-recall 

scores. The pipeline applies mathematical modeling 

for algorithm suitability and visual model 

comparisons. Structured learning identifies data 

patterns, enabling accurate automated prediction 

using clinical indicators with refined classification 

boundaries. 

 

“Hybrid-ML-Heart” [28] combines ML 

classifiers with metaheuristic algorithms for heart 

disease prediction. Classifiers include XGBoost, 

RF, DT, KNN, and LR. Optimization uses Slime 

Mold, Forest, Pathfinder, and Giant Armadillo 

strategies. K-fold cross-validation selects relevant 

features. Metrics such as F1 and MCC assess 

performance. The XGBoost-Giant Armadillo 

hybrid delivers top classification accuracy. The 

framework improves decision boundaries, 

integrating search-based optimization with 

predictive learning for enhanced cardiac 

classification reliability. “VR-ML-Heart” [29] 

merges ML classifiers with virtual reality for 

predicting cardiovascular disease. Decision Trees, 

Naïve Bayes, and Logistic Regression classify risk 

using clinical data. VR visualizes patient-specific 

progression in immersive environments. ML 

techniques distinguish healthy versus at-risk 

individuals. The hybrid system enables real-time 

simulation for diagnostics, combining automated 

prediction with interactive feedback to support 

clinical evaluations. Visualization enhances 

understanding of disease development, improving 

healthcare decision-making workflows. “LogReg-

CHD-HF” [30] applies logistic regression to 

forecast heart failure in chronic ischemic patients. 

Data from 167 hospitalized cases includes nine 

biochemical predictors. Twenty-fold stratified 

cross-validation ensures model generalization. 

Coefficients assigned to features guide 

classification probabilities. A structured framework 

evaluates statistical associations with disease 

outcomes. Risk prediction reflects quantitative 

modelling of biochemical patterns, supporting early 

diagnosis and tailored clinical intervention for 

elderly patients. 

 

“ncDNA-CHD-Predict” [31] evaluates 

noncoding de novo variants in congenital heart 

disease. Deep learning predicts gene regulation 

disruption by analyzing ncDNVs’ impact on 

chromatin markers like H3K9me2. Comparative 

genomics identifies sulcal structure abnormalities. 

Probability scoring ranks the functional relevance 

of each variant. Target genes are mapped to 

neurodevelopmental pathways. The model 

integrates brain structure variability and genetic 

expression, enhancing risk prediction using 

genomic indicators. “AutoDense-CHD” [32] 

combines autoencoders with DenseNet to classify 

heart disease. Using the Cleveland dataset, the 

autoencoder compresses feature space, reducing 

redundancy. DenseNet layers extract deep 

representations for classification. The model 

leverages encoded clinical and demographic data, 

maintaining strong generalization. Metrics, 

including F1 and accuracy, validate reliability. The 

design structures a scalable pipeline using 

unsupervised dimensionality reduction and dense 

connections for enhanced cardiovascular risk 

analysis. “RL-Augment-Heart” [33] incorporates 

reinforcement learning and data augmentation for 

heart disease prediction. Synthetic data balances 
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training sets. Reinforcement agents optimize 

feature relevance using reward-based updates. 

Hyperparameter tuning enhances model 

performance. Classification probability adjusts 

dynamically, enabling adaptive learning. The 

framework iteratively improves prediction 

reliability by combining feature engineering, 

exploration-driven tuning, and balanced data 

processing for robust cardiac classification across 

variable patient datasets. 

 

“FE-Partition-Heart” [34] optimizes 

heart disease prediction by refining feature 

engineering and data partitioning. Techniques 

include PCA, Extra Trees, and Pearson correlation. 

Twelve classifiers, including XGBoost and 

LightGBM, undergo assessment. Multiple train-test 

splits analyze accuracy shifts. Paired-sample t-tests 

validate statistical relevance. Ensemble learning 

integrates refined subsets for better generalization. 

Balanced partitioning strategies improve 

computational efficiency, guiding predictive 

models with reduced redundancy and robust 

accuracy. “ML-CHD-Predict” [35] ML-based risk 

stratification for congenital heart disease using 

matched case-control data. LASSO selects key 

predictors from 47 variables. Models, including 

XGBoost, classify risk groups. AUROC and Brier 

scores evaluate outcomes. Permutation analysis 

ranks predictors, including socioeconomic 

indicators. Stratified outputs support clinical 

interpretation. The pipeline structures a scalable 

risk prediction model by incorporating population-

level screening with personalized classification. 

“ML-Heart-Diagnosis” [36] uses ML 

algorithms—AdaBoost, RF, and DT—to identify 

cardiovascular risk. Preprocessing ensures clean 

training data. Accuracy and recall measure 

performance. Hierarchical decision structures 

capture patterns, while ensemble models enhance 

stability. Classification ranks patient-specific 

factors for diagnosis. Comparative analysis reveals 

tree-based models’ robustness in limited datasets. 

The model delivers early detection capability using 

interpretable features for clinical deployment in 

heart disease diagnostics. 

 

3. FIREFLY SWARM OPTIMIZATION-

BASED DECISION TREE (FSO-DT) 

 

Firefly Swarm Optimization is applied to 

decision trees to enhance their structural 

adaptability and classification precision. The firefly 

swarm dynamically adjusts feature selection and 

threshold settings, mitigating overfitting while 

improving generalization. The adaptability of 

firefly-inspired movement enhances decision tree 

learning by directing search efforts toward more 

optimal split points, refining decision boundaries. 

The integration of firefly optimization within 

decision tree construction systematically improves 

classification accuracy, demonstrating superior 

performance in handling diverse datasets. 

 

3.1. Initialization 

 

The initialization phase of the FSO-DT 

model prepares the firefly swarm with initial 

positions, which represent candidate solutions for 

constructing an optimized decision tree. This initial 

setup creates a foundation for the swarm to 

iteratively explore the solution space, where each 

firefly's position is defined by feature subsets and 

split criteria essential for building the tree's 
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structure. In this phase, let  represent the number 

of fireflies in the swarm. Each firefly , for 

, possesses a unique feature subset  

and a threshold vector  associated with the 

decision tree nodes. Define the feature subset  as 

a vector where each element corresponds to a 

selected feature from the overall feature set  of 

size . This gives the initialization equation: 

𝑆௜ = ቄ𝑠௜1, 𝑠௜2, â€¦, 𝑠௜ௗቅ (1) 

where  is a binary variable indicating whether the 

-th feature has been selected (1) or not (0) for 

firefly . 

 

Each feature subset  relates directly to a 

decision criterion in the decision tree. The decision 

tree's initial threshold values for each firefly  are 

represented by: 

𝑇௜ = ቄ𝑡௜1, 𝑡௜2, â€¦, 𝑡௜ௗቅ (2) 

where  defines the threshold for the -th feature 

in . These thresholds are initialized within the 

range of feature values in the dataset, allowing 

exploration of potential decision boundaries. 

 

The light intensity  of each firefly 

reflects its effectiveness in classification accuracy, 

measured by an objective function that assesses tree 

performance: 

𝐿௜ = 𝑓(𝑆௜ , 𝑇௜) (3) 

where denotes the classification accuracy 

of the decision tree configured by  and . Higher 

values of  indicate better-performing fireflies. 

 

The fireflies are also assigned initial 

random positions  in the solution space. This 

position combines feature selection and thresholds: 

𝑋௜ = (𝑆௜ , 𝑇௜) (4) 

where  provides a unique representation of 

selected features and corresponding thresholds for 

each firefly. 

 

To further refine exploration in the 

initialization, each firefly's position is defined 

concerning its attractiveness and brightness : 

𝐴௜ = Î²0. 𝑒
ିÎ³.ௗ೔ೕ

2

 (5) 

where  is the base attractiveness,  is the 

absorption coefficient, and  is the Euclidean 

distance between fireflies  and . The brightness 

is a function of  that adjusts based on 

performance. 

 

The initial step generates a position matrix 

 capturing feature subsets, thresholds, and 

attractiveness for all fireflies: 

𝑃 = ቄ𝑋1, 𝑋2, â€¦, 𝑋ேቅ (6) 

where each row  contains feature and threshold 

parameters. This matrix sets up the initial state for 

swarm dynamics. 

 

Initialize a movement parameter vector  

to control each firefly's movement: 

𝑀௜ = ቄ𝑚11, 𝑚௜2, â€¦, 𝑚௜ௗቅ (7) 

where  defines the step size for updating  and 

 in subsequent phases. The values of  are 

optimized in later steps to enhance convergence 

towards an ideal decision tree. 
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3.2. Objective Function Evaluation 

 

The objective function evaluation in the 

FSO-DT model assesses the performance of each 

firefly based on the classification accuracy of the 

decision tree it represents. This step determines the 

brightness of each firefly, representing the quality 

of its decision tree structure. Fireflies exhibiting 

higher accuracy are given more excellent 

brightness, encouraging others to move towards 

these more optimized solutions in the next phase. 

This evaluation thus facilitates swarm convergence 

towards an optimal decision tree model. 

 

The classification accuracy of the 

decision tree represented by each firefly  serves 

as the primary measure for fitness evaluation. It 

quantifies the tree's ability to classify instances 

from the dataset correctly: 

𝐴𝑐𝑐௜ =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (8) 

where , and represent true positives, 

true negatives, false positives, and false negatives, 

respectively. A higher accuracy indicates a more 

reliable classification model, aligning to find the 

most optimized decision tree. 

 

Precision  and recall  of the decision 

tree are also crucial in evaluating its effectiveness, 

especially for imbalanced data scenarios: 

𝑃௜ =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (9) 

𝑅௜ =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (10) 

Precision  reveals the proportion of correctly 

classified positive samples among all predicted 

positives, while recall  measures the model's 

ability to identify actual positives. These metrics 

contribute to a holistic view of the decision tree's 

performance. 

 

To balance precision and recall, the F-

measure  for each firefly provides a harmonic 

mean of these metrics: 

𝐹௜ = 2.
𝑃௜ . 𝑅௜

𝑃௜ + 𝑅௜

 (11) 

 

The F-measure values guide the swarm by 

incorporating false positives and negatives, 

promoting an optimized balance between these 

errors. High F-measure values indicate fireflies 

with effective decision boundaries, enhancing the 

tree's predictive capabilities. 

 

3.3. Light Intensity and Attraction 

 

In the FSO-DT model, light intensity and 

attraction represent essential factors for guiding 

firefly movement. This step defines how fireflies 

interact within the swarm, allowing each firefly to 

adjust its position based on the brightness of 

neighboring fireflies. Here, light intensity reflects 

the classification accuracy and quality of decision 

tree models associated with each firefly, while 

attraction controls how strongly one firefly moves 

towards another. This mechanism promotes the 

exploration of more optimized decision boundaries, 

encouraging convergence toward optimal solutions 

in the solution space. 

 

The light intensity of each firefly  

reflects the effectiveness of the corresponding 

decision tree derived from its objective function 

score. This value correlates directly with the fitness 
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calculated in the previous step, where higher light 

intensities signify better-performing trees: 

𝐼௜ = Î±. 𝐿௜  (18) 

where  represents the adjusted light intensity,  is 

a scaling factor, and denotes the objective 

function score of firefly . This light intensity  

determines the attractiveness level, directing the 

movement of other fireflies in the swarm. 

 

The distance between fireflies  and  

in the solution space affects their attraction 

strength, calculated as the Euclidean distance: 

𝑑௜௝ = ඨ â ൫𝑥௜௞ − 𝑥௝௞൯
2஽

௞ୀ1
 (19) 

where  represents the Euclidean distance,  

and  denote the -th dimension position of 

fireflies  and , and  is the dimensionality of 

the position space. Shorter distances increase the 

likelihood of attraction between fireflies. 

 

The attractiveness  between fireflies  

and  decreases with distance, modeled by an 

exponential function: 

Î²௜௝ = Î²0. 𝑒
ିÎ³.ௗ೔ೕ

2

 (20) 

where denotes the maximum attractiveness,  is 

the absorption coefficient that controls the rate of 

decay of attractiveness with distance, and  is the 

Euclidean distance between fireflies. The parameter 

 balances exploration and exploitation, with higher 

values of promoting local search by reducing 

attractiveness more rapidly over distance. 

 

The positional update for each firefly 

when attracted by a brighter firefly occurs by 

modifying position vector in the direction of 

. The attractiveness controls this movement  

𝑋௜ = 𝑋௜ + Î²௜௝ . ൫𝑋௝ − 𝑋௜൯ + Ïµ. ൫𝑟𝑎𝑛𝑑 − 0.5൯ (21) 

where  and denote the positions of fireflies  

and ,  represents a randomization parameter, and 

 is a random number uniformly distributed 

between 0 and 1. This equation ensures fireflies 

move closer to higher-intensity solutions, 

promoting an optimized search pattern in the 

solution space. 

 

The adaptive adjustment of light intensity 

allows each firefly's brightness to change with each 

iteration, depending on improvements in fitness. 

The updated light intensity is given by: 

𝐼௜
௡௘௪ = 𝐼௜ . ൫1 − Î´൯ + Î´. 𝐴𝑐𝑐௜ (22) 

 

where  is a learning rate parameter and 

represents the current classification accuracy of 

firefly . This adaptation keeps the swarm's focus 

on consistently high-performing solutions, 

enhancing convergence towards the optimized 

decision tree structure. 

 

An attraction threshold  limits the 

influence of distant fireflies on . When the 

attractiveness   falls below , the movement 

influence from  on  becomes negligible: 

 does not move towards  (23) 

where  represents a minimum threshold value for 

attraction, this constraint reduces unnecessary 

movements, focusing the search on closely situated, 

more relevant solutions. 
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A random movement component helps 

fireflies explore diverse regions of the solution 

space, preventing premature convergence. This 

component for firefly  is applied as: 

𝑅௜ = Ï‚. 𝑟𝑎𝑛𝑑𝑛. |𝑋௠௔௫ − 𝑋௠௜௡| (24) 

where  is the exploration factor,  denotes a 

normally distributed random variable, and 

 represents the range of possible 

positions. This term promotes diversity in firefly 

positions, enhancing the chance of discovering 

globally optimized solutions. 

 

Over iterations, light intensity  for each 

firefly may decay to encourage exploration of 

unexplored areas. The decayed light intensity 

 is calculated as: 

𝐼௜
ௗ௘௖௔௬

= 𝐼௜ . 𝑒ିÎ».௧ (25) 

where  is the decay rate, and  denotes the 

iteration number. This decay mechanism allows 

fireflies to occasionally disregard local optima, 

shifting focus towards potentially optimized, 

unvisited areas. 

The final combined movement  of each 

firefly integrates both attraction and random 

components: 

𝑀௜ = 𝑋௜ + Î²௜௝ . ൫𝑋௝ − 𝑋௜൯ + 𝑅௜ (26) 

 

This equation defines the updated position 

, influenced by the attraction toward brighter 

fireflies and the random movement component. The 

combined influence guides fireflies toward 

promising regions, balancing exploration with an 

emphasis on optimized solutions. 

 

3.4. Movement of Fireflies 

 

The movement of fireflies in the FSO-DT 

model is essential for iteratively enhancing the 

quality of candidate solutions in the swarm. 

Adjusting each firefly's position based on its 

relative brightness and other attraction mechanisms 

advances the swarm toward a more optimized 

decision tree. The movement process balances 

attraction towards brighter solutions with random 

exploration, ensuring a refined search across the 

solution space. 

 

The position update for each firefly , 

drawn toward a brighter firefly , is governed by 

the attraction strength  and their relative 

positions. This attraction-based movement aims to 

shift incrementally.  toward higher fitness regions 

within the solution space: 

𝑋௜
௡௘௪ = 𝑋௜ + Î²௜௝ . ൫𝑋௝ − 𝑋௜൯ (27) 

 

where represents the updated position of 

firefly  and  denote the current positions of 

 and , and  controls the attraction strength 

between them. By focusing movement based on 

attraction, fireflies gradually converge on regions 

containing optimized decision tree structures. 

 

An adaptive step size parameter  

regulates the distance each firefly travels in 

response to attraction, allowing fine-tuning of 

movement dynamics: 

𝑠௜ = 𝑠଴.
𝐼௝

𝐼௜ + 𝐼௝
 (28) 
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where is the initial step size,  and  are the light 

intensities of fireflies and , respectively. This 

equation enables smaller steps for closely situated 

fireflies, facilitating gradual convergence, while 

more significant steps promote exploration in 

sparse regions of the solution space. 

 

Random perturbation  adds stochasticity 

to the movement process, preventing premature 

convergence by allowing each firefly to explore 

new areas: 

𝑋௜
௥௔௡ௗ = 𝑋௜

௡௘௪ + Ïµ௜(𝑟𝑎𝑛𝑑 − 0.5) (29) 

where is the position after applying random 

perturbation, is a scaling factor for randomness, 

and  is a uniform random variable between 0 

and 1. The inclusion of  maintains diversity 

within the swarm, enhancing the chances of 

reaching globally optimized solutions. 

 

Dynamic attraction control regulates the 

attraction strength  between fireflies to optimize 

movement across varying fitness landscapes: 

Î²௜௝ = Î²଴.
1

1 + Î³. 𝑑௜௝
ଶ

 (30) 

where  is the maximum attractiveness,  is an 

adaptive decay coefficient, and  is the distance 

between fireflies  and This dynamic form of 

 enables fine adjustments in movement based on 

spatial proximity, ensuring that fireflies prioritize 

closer, more relevant solutions. 

 

Fireflies nearing the boundaries of the 

solution space require specific adjustments to 

ensure they remain within feasible regions. The 

boundary adjustment maintains each position  

within defined limits: 

𝑋௜
௕௢௨௡ௗ௘ௗ = 𝑚𝑎𝑥൫𝑚𝑖𝑛൫𝑋௜

௥௔௡ௗ , 𝑋௠௔௫൯, 𝑋௠௜௡൯ (31) 

where  is the position after boundary 

adjustment,  and  are the upper and lower 

bounds of the solution space. This constraint helps 

avoid invalid solutions by guiding fireflies within 

permissible search areas. 

 

Incorporating a light intensity-weighted 

movement factor  further refines the positioning 

of each firefly: 

𝑋௜
௪௘௜௚ℎ௧௘ௗ

= 𝑋௜
௕௢௨௡ௗ௘ௗ + 𝑤௜ . ൫𝐼௝ − 𝐼௜൯ (32) 

where  denotes the position influenced by 

the light intensity difference and  is a weight 

factor that amplifies movement towards 

significantly brighter fireflies. This mechanism 

encourages efficient convergence by scaling 

movement based on the disparity in fitness levels. 

 

Adaptive speed modulation for each 

firefly's movement speed helps manage the 

swarm's overall convergence rate: 

𝑣௜ = 𝑣0.
1

1 + Î±. 𝑑௜௝

 (33) 

where is the initial speed,  is a modulation 

parameter, and  is the inter-firefly distance. This 

modulation ensures a balanced movement speed, 

slowing down as fireflies approach brighter regions, 

facilitating a more controlled, optimized 

convergence. 

 

Incorporating a search space rotation 

modifies the movement direction to diversify 

search paths further: 
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𝑋௜
௥௢௧௔௧௘ௗ = 𝑅௜. 𝑋௜

௪௘௜௚ℎ௧௘ௗ  (34) 

where  represents the rotated position, and 

 is a rotation matrix that alters the direction based 

on the swarm's current distribution. This additional 

rotation step enhances exploration by directing 

fireflies through less-visited solution space regions. 

 

The cumulative movement matrix  

consolidates all updated positions, accounting for 

attraction, perturbation, and adaptive mechanisms: 

𝑀 = ቄ𝑋
1
௥௢௧௔௧௘ௗ , 𝑋

2
௥௢௧௔௧௘ௗ , â€¦, 𝑋ே

௥௢௧௔௧௘ௗቅ (35) 

where each element corresponds to the 

finalized position of firefly  after completing the 

movement process, this matrix supports the swarm 

continuously evolving towards optimized solutions 

through successive iterations. 

 

3.5. Randomization and Exploration 

 

The randomization and exploration phase 

of the FSO-DT model integrates stochastic 

elements into the firefly movement process, 

enabling enhanced exploration of the solution 

space. Incorporating randomization into the 

swarm's behavior mitigates the risk of premature 

convergence on local optima, expanding the search 

for a globally optimized decision tree configuration. 

This process introduces variety into the swarm's 

positions, broadening its potential to explore 

diverse regions for more accurate classification. 

 

The random movement component for 

each firefly  introduces perturbation into the 

positional updates, adding randomness to the 

otherwise deterministic movement: 

𝑋௜
௡௘௪ = 𝑋௜ + 𝑅௜. ൫𝑟𝑎𝑛𝑑 − 0.5൯ (36) 

where  represents the updated position of 

firefly  after applying random movement,  is 

the randomization factor, and  is a uniformly 

distributed random variable between 0 and 1. This 

randomness allows the swarm to explore various 

areas of the solution space, enhancing the potential 

for discovering optimized decision tree structures 

that would otherwise be missed. 

 

The randomization factor  can be 

adaptively scaled based on the current iteration 

number  to control the balance between 

exploration and exploitation: 

𝑅௜ = 𝑅0. 𝑒ିÎ·.௧ (37) 

where  is the initial randomization factor,  is the 

decay rate for randomization, and  is the iteration 

number. This adaptive scaling decreases  over 

time, we will focus more on exploitation in later 

stages when convergence becomes the priority. In 

the early stages, however, a larger  value 

promotes widespread exploration, allowing each 

firefly to cover broader regions. 

Gaussian perturbation  further 

diversifies search directions by introducing 

normally distributed random movement: 

𝑋௜
௚௔௨௦௦

= 𝑋௜ + 𝐺௜ . 𝑟𝑎𝑛𝑑𝑛 (38) 

where  represents the position after Gaussian 

perturbation,  is the Gaussian scaling factor, and 

 is a normally distributed random variable 

with mean zero and variance 1. This Gaussian 

component enables a multi-directional search path, 

helping fireflies sample diverse trajectories across 

the solution space. 
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Dynamic exploration range  adjusts the 

range of random movements based on the swarm's 

current distribution: 

𝐸௜ = 𝐸0. ൬1 −
𝑡

𝑇
൰ (39) 

 

where  is the initial exploration range,  is the 

current iteration, and  represents the total number 

of iterations. This equation enables the exploration 

range  to decrease gradually, helping the swarm 

converge towards specific high-fitness regions 

while reducing randomness over time. 

 

Lévy flight randomization offers an 

additional randomization mechanism by generating 

long-distance jumps in the solution space, guided 

by a heavy-tailed probability distribution: 

𝐿௜ =
Î ±

|𝑟𝑎𝑛𝑑|1/Î²
 (40) 

where  represents the step size for Lévy flight,  

is a scaling factor,  is a random variable 

between 0 and 1, and  is the Lévy flight exponent, 

typically set between 1 and 2. Lévy flights enable 

intermittent large movements, introducing non-

local search behaviors to improve exploration 

diversity and reach more distant regions of the 

solution space. 

 

An adaptive random jump probability 

 determines the likelihood of fireflies 

executing a more significant jump rather than a 

more minor, incremental movement: 

𝑃௝௨௠௣ =
1

1 + 𝑒ିÎ».(௙್೐ೞ೟ି௙೔)
 (41) 

where  is a control parameter,  represents the 

fitness of the best-performing firefly and  is the 

fitness of firefly . This probability encourages 

fireflies with lower fitness values to perform more 

significant jumps, thereby enhancing the chances of 

escaping local optima. 

 

Uniform random displacement  

uniformly alters firefly positions within a bounded 

range: 

𝑋௜
௨௡௜௙௢௥௠

= 𝑋௜ + 𝑈௜ . (𝑋௠௔௫ − 𝑋௠௜௡). ൫𝑟𝑎𝑛𝑑

− 0.5൯ 
(42) 

where  is the updated position after 

applying uniform displacement, is a scaling 

factor, and  and  are the upper and lower 

boundaries of the solution space. This mechanism 

ensures fireflies can explore the entire search area, 

preventing them from being confined to limited 

regions. 

A nonlinear random scaling factor  

modulates the impact of random movement to vary 

nonlinearly with each iteration: 

𝑁௜ = 𝑁0. ቆ
1

1 + Î±. 𝑡
ቇ (43) 

where  is the initial scaling factor,  is a 

nonlinearity parameter, and  is the iteration 

number. This scaling factor gradually diminishes 

the effect of randomization, refining the swarm's 

focus on optimized solutions in the later stages. 

 

The combined random movement matrix 

 consolidates the adjusted positions after 

incorporating various randomization strategies: 

𝑅 = ቄ𝑋
1
௖௢௠௕௜௡௘ௗ , 𝑋

2
௖௢௠௕௜௡௘ௗ , â€¦, 𝑋ே

௖௢௠௕௜௡௘ௗቅ (44) 

where each element  represents the final 

position of firefly  after completing all 

randomization and exploration steps, this matrix 

preserves a balanced exploration throughout the 
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swarm while directing each firefly closer to regions 

of high fitness. 

 

These randomization techniques have 

equipped the FSO-DT model to maintain diversity 

within the swarm, minimizing the risk of local 

optima entrapment and promoting the identification 

of the globally optimized decision tree structure. 

 

3.6. Local Search Optimization 

 

The Local Search Optimization step in the 

FSO-DT model enhances the fine-tuning of each 

firefly's position by conducting a detailed 

exploration of nearby solutions. This step focuses 

on optimizing the decision boundaries and split 

criteria within each decision tree a firefly 

represents. The swarm refines its search by 

concentrating on localized adjustments, driving the 

model closer to an ideal configuration that 

maximizes classification performance. Local search 

optimizations include gradient-based adjustments, 

neighborhood exploration, and adaptive fitness 

recalculations, each aimed at achieving an 

optimized decision tree structure. 

 

Incorporating gradient-based adjustments 

allows each firefly to refine its position  by 

analyzing the local gradient of the objective 

function. This approach leverages the gradient  

to adjust the firefly's position, steering it towards 

areas of increasing fitness: 

𝑋௜
௚௥௔௡ௗ

= 𝑋௜ + Î¼. âˆ ‡ 𝑓௜ (45) 

where  represents the updated position of 

firefly  following gradient-based adjustment,  is 

the learning rate controlling the step size, and  is 

the gradient of the fitness function at . By 

utilizing the gradient information, fireflies achieve 

more targeted improvements in their decision tree 

configurations. 

A neighborhood search component further 

explores solutions near each firefly, identifying 

minor, locally optimized adjustments that improve 

the decision tree's classification boundaries. Define 

the neighborhood for firefly  as a range 

around its current position: 

𝑁(𝑋௜) = ൛𝑋௜ + Î´|Î´âˆˆൣ−âˆ †, âˆ †൧ൟ (46) 

where  is a perturbation variable within a range . 

Exploring  enables each firefly to test 

alternative feature subsets and split criteria, 

promoting minor, impactful refinements. 

 

An adaptive learning rate  adjusts the 

magnitude of position updates based on recent 

changes in fitness, allowing for dynamic control 

over local search intensity: 

Î ·௜= Î ·଴.
1

1 + 𝑘. ห𝑓௜
௡௘௪ − 𝑓௜ห

 (47) 

where is the initial learning rate,  is a scaling 

factor, is the updated fitness of firefly   after 

local search and  is its previous fitness. This 

adaptive approach reduces the learning rate as the 

fitness stabilizes, leading to more precise 

adjustments. 

 

Reducing the search area  gradually for 

each firefly helps concentrate the local search on 

more promising solutions, enhancing convergence: 

𝑆௜
௡௘௪ = 𝑆௜ . Ï  (48) 

where  is the reduced search area, and  is a 

reduction factor between 0 and 1. By constraining 
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the search to increasingly focused areas, each 

firefly narrows down its adjustments, enhancing the 

likelihood of refining specific aspects of the 

decision tree. 

 

Incremental fitness evaluation calculates 

the impact of each local adjustment on the decision 

tree's performance, allowing for real-time fitness 

assessments: 

𝑓௜
௜௡௖ = 𝑓௜ + â âˆ † 𝑓௜௝

௠

௝ୀ1
 (49) 

where  is the incrementally updated fitness, 

 represents the fitness change resulting from the 

-th adjustment, and  denotes the total number of 

local changes made. This approach promotes 

efficient fitness recalculations without needing a 

complete evaluation after each minor modification. 

 

To prevent unnecessary changes, a 

dynamic threshold  determines whether a position 

adjustment provides a meaningful fitness 

improvement: 

âˆ † 𝑓௜௝ > Ï„âŸ¹𝐴𝑐𝑐𝑒𝑝𝑡 𝐴𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 (50) 

where  is the fitness gain from the -th local 

adjustment, and  is the threshold value. 

Adjustments that exceed  are incorporated into the 

firefly's position, while minor improvements are 

disregarded. This threshold-driven selection 

enhances the efficiency of local search. 

 

An iterative refinement loop repeats the 

local search adjustments for each firefly, allowing 

multiple rounds of position improvement: 

𝑋௜
௥௘௙௜௡௘

= 𝑋௜
௚௥௔௡ௗ

+ â Î»௞ . Î´௞

௡

௞ୀ1
 (51) 

where  represents the refined position after  

iterations, denotes the weight for each refinement 

and  is the incremental adjustment in the -th 

iteration. This iterative loop enables the fireflies to 

make compound improvements, optimizing local 

configurations within the search space. 

 

A probabilistic exploration component 

expands the local search by allowing each firefly to 

explore within bounded limits, adding randomness 

to the search in an organized way: 

𝑋௜
௣௥௢௕

= 𝑋௜
௥௘௙௜௡௘

+ Î¶. 𝑈൫−Ïƒ, Ïƒ൯ (52) 

where  is the position after probabilistic 

exploration,  is a scaling factor,  

represents a uniform random variable within the 

range . This probabilistic movement 

enhances adaptability and reduces the risk of 

missing optimized points near the current position. 

 

The local fitness improvement matrix  

stores the updated fitness scores for each firefly 

after completing a local search: 

𝐹௟௢௖ = {𝑓ଵ
௟௢௖ , 𝑓ଶ

௟௢௖ , â€¦. , 𝑓ே
௟௢௖} (53) 

where  represents the local fitness of firefly . 

This matrix guides further optimization, focusing 

the swarm's attention on fireflies, achieving 

significant local improvements. 

 

These combined methods within local 

search optimization allow each firefly to 

systematically refine its decision tree configuration, 

improving the overall accuracy and performance of 

the FSO-DT model. 

 

3.7. Update of Fitness 
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The Update of Fitness phase in the FSO-

DT model recalculates and updates the fitness 

levels of each firefly following the movement and 

local search adjustments. This step is critical, as it 

provides an updated assessment of the decision tree 

configurations each firefly represents, allowing the 

swarm to adjust direction and intensity based on 

these recalibrated fitness values. The fitness update 

influences subsequent attraction and movement, 

ensuring the swarm consistently converges toward 

optimized solutions. 

 

Following the adjustments in firefly 

positions in the previous steps, each firefly's 

position-based fitness  is recalculated to reflect 

its latest decision tree structure: 

𝑓௜
௡௘௪ = 𝑓(𝑋௜

௡௘௪) (54) 

where  represents the recalculated fitness score 

for firefly  at its updated position  and 

 denotes the fitness function applied to this 

new position. This recalculated fitness incorporates 

changes from both random exploration and local 

search refinements, capturing the optimized 

features of the new configuration. 

 

A fitness difference quantifies the 

change between the previous fitness and the 

updated fitness  to determine the effectiveness 

of recent adjustments: 

âˆ † 𝑓௜ = 𝑓௜
௡௘௪ − 𝑓௜ (55) 

where  indicates the net change in fitness for 

firefly . Positive values of  signal an 

improvement in fitness, while negative values 

suggest a decrease, helping to guide the swarm's 

future movements and decision criteria. 

 

Dynamic fitness scaling is applied to 

adjust the influence of fitness scores relative to one 

another, enabling fireflies with marginally higher 

fitness to have an impact still: 

𝑓௜
௦௖௔௟௘ௗ =

𝑓௜
௡௘௪ − 𝑓௠௜௡

𝑓௠௔௫ − 𝑓௠௜௡

 (56) 

where  is the scaled fitness value for firefly 

 and  represent the minimum and 

maximum fitness scores among all fireflies. Even 

subtle improvements are highlighted by scaling the 

fitness values, promoting adaptive behavior across 

the swarm. 

 

To prioritize the most recent changes, a 

weighted update recalculates the fitness 

by emphasizing the newest adjustments: 

𝑓௜
௪௘௜௚௛௧௘ௗ

= 𝑤. 𝑓௜
௡௘௪ + (1 − 𝑤). 𝑓௜ (57) 

where  is the weighted fitness score, and 

 represents the weight factor determining the 

importance of the new fitness relative to the 

previous one. This method enables each firefly to 

retain some historical fitness information, fostering 

stability in the optimization process. 

 

Brightness for each firefly is 

recalculated following its updated fitness, ensuring 

that fireflies with higher fitness are perceived as 

brighter, attracting others: 

𝐼௜
௨௣ௗ௔௧௘ௗ

= Î±. 𝑓௜
௦௖௔௟௘ௗ  (58) 

where  is the brightness corresponding to 

the scaled fitness  and  is a scaling 

constant. Brightness adjustments based on updated 
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fitness enable better differentiation among fireflies, 

aiding in the swarm's search efficiency. 

 

To consider local convergence, a 

proximity-based fitness influence integrates 

the fitness levels of neighboring fireflies, calculated 

as: 

𝑓௜
௣௥௢௫

= 𝑓௜
௡௘௪ +

1

𝑘
â 𝑓௝

௡௘௪

௝âˆˆே(௜)
 (59) 

where  is the proximity-influenced fitness for 

firefly represents the neighborhood of , 

and  is the number of neighbors. This formula 

considers both individual fitness and the fitness of 

nearby fireflies, encouraging fireflies to align with 

more optimized solutions in their vicinity. 

 

A fitness gradient  for each firefly 

captures the directional fitness change to guide 

further movements in the next iteration: 

âˆ ‡ 𝑓௜ = 𝑓௜
௡௘௪ − 𝑓௜

௢௟ௗ  (60) 

where  denotes the previous fitness before the 

latest adjustments. This gradient  reflects the 

relative improvement direction, helping each firefly 

adjust its attraction strength and movement 

direction for optimized exploration. 

 

The aggregate fitness matrix  

compiles the updated fitness scores for all fireflies, 

guiding the swarm's collective direction: 

𝐹௔௚௚ = ቄ𝑓
1

௨௣ௗ௔௧௘ௗ
, 𝑓

2

௨௣ௗ௔௧௘ௗ
, â€¦. . , 𝑓ே

௨௣ௗ௔௧௘ௗ
ቅ (61) 

where each represents the final, updated 

fitness for firefly . This matrix captures all 

recalculated fitness values post-adjustment, 

providing an up-to-date reference for the swarm's 

next phase. 

 

The fitness update mechanism serves to 

continually refine the swarm's focus, fostering 

convergence towards a globally optimized decision 

tree model through iterative fitness enhancements. 

  

3.8. Selection of Optimal Solution 

 

The selection of the Optimal Solution 

phase in the FSO-DT model identifies the highest-

performing firefly within the swarm, representing 

the optimal decision tree configuration achieved by 

the swarm's iterative search process. This step 

involves evaluating and ranking fireflies based on 

their fitness, brightness, and other selected criteria 

to pinpoint the most optimized solution that 

achieves maximum classification accuracy. The 

optimal solution selection ensures that the best 

possible model configuration is chosen as the final 

output of the FSO-DT process. 

 

To locate the firefly with the optimal 

configuration, each firefly's fitness is compared to 

determine the maximum value , which 

corresponds to the most accurate decision tree 

structure: 

𝑓௠௔௫ = 𝑚𝑎𝑥൫𝑓1, 𝑓2, â€¦. , 𝑓ே൯ (62) 

where  represents the highest fitness value in 

the swarm, and denotes the fitness of each firefly 

 in a swarm of  fireflies. Identifying  

enables the model to single out the firefly that 

embodies the optimal decision tree configuration 

based on the objective function. 

 

The brightness  associated with the 

firefly possessing  further verifies its 
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optimality, serving as a secondary criterion for 

selection: 

𝐼௢௣௧ = Î±. 𝑓௠௔௫ (63) 

where  is the brightness corresponding to the 

maximum fitness , and  is a scaling constant 

applied to standardize brightness values. A higher 

brightness  confirms that the firefly stands out 

within the swarm, validating its suitability as the 

final solution. 

To ensure the robustness of selection, 

fireflies are ranked according to their fitness values 

in descending order, establishing a ranked list : 

 where 

 
(64) 

where  represents the -th ranked firefly in terms 

of fitness. This ranking aids in identifying 

alternative high-performance solutions, allowing 

flexibility in model selection if multiple fireflies 

demonstrate competitive fitness levels. 

 

A threshold value  is applied to the 

ranked list RRR to ensure that the selected optimal 

firefly meets a minimum fitness standard: 

𝑓(1)â‰¥Ï„ (65) 

where  is the fitness of the top-ranked firefly, 

and  is a predefined fitness threshold. This 

threshold guards against selecting solutions with 

suboptimal performance, ensuring that only 

decision trees meeting the desired accuracy criteria 

are considered potential optimal solutions. 

 

To promote a well-rounded solution, a 

diversity factor  evaluates the uniqueness of the 

optimal firefly's position relative to others, avoiding 

convergence on similar configurations: 

𝐷௜ =
1

𝑁
â â𝑋௜ − 𝑋௝â
ே

௝ୀ1
 (66) 

where  represents the average distance of firefly 

 from all other fireflies, capturing its positional 

uniqueness. A higher  indicates a distinct 

position, encouraging solutions offering diverse 

decision boundary characteristics. 

 

The iteration count  at which  is 

reached provides insight into convergence 

behavior, helping verify that the selected solution is 

not premature: 

𝑡௢௣௧ = arg max
௧

𝑓௠௔௫(𝑡) (67) 

where  is the iteration where  was first 

achieved. A higher  value signals a more robust 

solution, implying that the swarm had sufficient 

opportunity to refine and verify the selected model 

configuration. 

 

A moving average  of the top fitness 

values over recent iterations confirms the stability 

of the optimal solution: 

𝑀 =
1

𝑘
â 𝑓൫1൯(𝑖)
௧

௜ୀ௧ି௞ା1
 (68) 

where  represents the moving average of the 

highest fitness  over  iterations. Stability  

indicates that the optimal solution has consistently 

demonstrated high performance, reinforcing its 

selection as the final output. 

  

The optimal solution matrix  

consolidates the parameters of the selected firefly's 

decision tree structure, providing a comprehensive 

reference for the final configuration: 

𝑂 = ൛𝑆௢௣௧ , 𝑇௢௣௧ , 𝐼௢௣௧ൟ (69) 
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where  and  represent the feature subset and 

thresholds, respectively, of the optimal solution, 

and  is the associated brightness. This matrix 

serves as the definitive model configuration output 

from the FSO-DT process. 

 

The optimal solution selection allows the 

FSO-DT model to yield a decision tree 

configuration that maximizes classification 

performance based on the swarm's collective search 

efforts. 

 

3.9. Final Model Construction 

 

The Final Model Construction phase in the 

FSO-DT process assembles the optimized decision 

tree model based on the parameters of the optimal 

firefly solution. This step constructs a decision tree 

that maximizes classification performance by 

integrating the selected features, thresholds, and 

structure parameters derived from the optimized 

firefly. The final model is structured to capture the 

most effective decision boundaries, enhancing the 

predictive accuracy of the classification model. 

 

The optimal feature subset  is a key 

component of the final model, determined by the 

feature set  from the optimal solution: 

𝑆௙௜௡௔௟ = {𝑠ଵ, 𝑠ଶ, â€¦. , 𝑠௞} (70) 

where  represents the set of features included 

in the final decision tree and  denotes each 

selected feature up to  features, as identified by the 

firefly with the highest fitness. This subset 

maximizes classification accuracy by excluding 

irrelevant features, ensuring the model remains 

optimized and efficient. 

 

The node-splitting thresholds  

establish boundaries for classification at each 

decision node, enabling the tree to differentiate 

between classes effectively: 

𝑇௙௜௡௔௟ = {𝑡ଵ, 𝑡ଶ, â€¦. , 𝑡௞} (71) 

 

where  represents the set of threshold values 

corresponding to each feature in Each 

threshold is applied to its associated feature  to 

create decision rules that optimize data partitioning 

at each node in the final tree. 

The optimized depth  of the decision 

tree provides a balance between complexity and 

generalization, maintaining high classification 

accuracy without overfitting: 

𝐷௙௜௡௔௟ = 𝑚𝑖𝑛൫𝑑௠௔௫ , 𝐷௢௣௧൯ (72) 

where  denotes the maximum depth allowed 

in the final decision tree, is a predefined depth 

limit, and  is the depth recommended by the 

optimized firefly configuration. This depth 

constraint ensures the final model remains 

computationally efficient while retaining its 

predictive power. 

 

To streamline the decision paths within the 

tree, each path length  from root to leaf nodes is 

minimized to ensure efficient rule application: 

𝐿௣ = â Î´௜

௡

௜ୀ1
 (73) 

where  is the path length for a given path  

represents the number of nodes in that path, and  

indicates the decision rule at each node. Reducing 

The final model improves its interpretability and 

speeds up the classification process, aligning with 
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the optimized decision boundaries established by 

the FSO-DT process. 

Each leaf node in the final decision tree is 

assigned a probability  for each class label based 

on the distribution of instances reaching that node: 

𝑃௖ =
𝑁௖

𝑁௧௢௧௔௟

 (74) 

where  represents the probability of class ,  is 

the number of instances of class  in the leaf node, 

and  is the total number of instances in that 

node. These probabilities allow the final model to 

classify cases with calibrated confidence levels, 

enhancing reliability. 

 

A pruning threshold  is applied to 

remove branches in the decision tree that contribute 

minimally to accuracy, reducing model complexity: 

Ï •=
1

𝑁
â (𝑓௜ − 𝑓௠௜௡)
ே

௜ୀଵ
 (75) 

where  is the pruning threshold, denotes the 

fitness of each subtree, and  is the fitness 

threshold for pruning. This pruning process ensures 

that the final model retains only the most impactful 

branches, aligning with the optimized structure 

identified in the FSO-DT process. 

 

Leaf node entropy  is calculated to 

measure the purity of class distributions, aiming to 

minimize uncertainty within each leaf node: 

𝐻௟௘௔௙ = − â 𝑃௖𝑙𝑜𝑔ଶ𝑃௖

஼

௖ୀଵ
 (76) 

where  represents the entropy at a leaf node,  

is the number of classes, and  is the probability of 

class . Low entropy values indicate higher purity, 

confirming that the final model effectively 

segments the data into homogeneous groups. 

 

The Final Model Construction phase 

yields a decision tree incorporating the best 

configurations identified through the FSO-DT 

process, resulting in a highly accurate and efficient 

classifier. 

 

The FSO-DT algorithm is an iterative 

process aimed at constructing an optimized 

decision tree by leveraging the swarm intelligence 

of fireflies. Each firefly represents a candidate 

decision tree configuration, which is iteratively 

refined through movements guided by fitness, 

brightness, attraction, and exploration, ultimately 

leading to an optimized classification model. 

 

 

Algorithm: Firefly Swarm Optimization-based 

Decision Tree (FSO-DT) 

Input: 

 Dataset  with features and class labels 

 Swarm size  

 Maximum iterations  

 Parameters  (brightness scaling), 

(maximum attractiveness),  (absorption 

coefficient),  (randomness factor),  

(pruning threshold) 

 

Output: 

 Optimized Decision Tree Model with 

selected features, thresholds, depth, and 

classification rules 

 

Procedure: 

1. Initialization: 

 Randomly initialize a swarm of  

fireflies, each with a unique 
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position  representing a 

candidate decision tree 

configuration. 

 Assign initial feature subsets , 

threshold vectors , and evaluate 

their initial fitness  

2. Objective Function Evaluation: 

 For each firefly, calculate fitness 

 based on classification 

accuracy and other performance 

metrics (e.g., F-measure, Gini 

index). 

 Store fitness scores for each 

firefly for use in brightness and 

attraction calculations. 

3. Light Intensity and Attraction: 

 Compute light intensity  of each 

firefly based on fitness , scaling 

with . 

 Calculate attraction  between 

fireflies  and , influenced by 

distance and decay parameter . 

4. Movement of Fireflies: 

 Update the position  of each 

firefly by moving towards 

brighter fireflies based on and 

incorporating random 

perturbation  for diversity. 

 Apply boundary constraints to 

keep each firefly's position within 

the feasible solution space. 

5. Randomization and Exploration: 

 Add stochastic movement to each 

firefly's position using factors like 

Lévy flights, Gaussian 

perturbation, and random jumps, 

ensuring broad solution space 

exploration. 

6. Local Search Optimization: 

 Conduct local adjustments around 

each firefly's position, utilizing 

gradient-based steps, 

neighborhood exploration, and 

adaptive learning rates to fine-

tune decision tree parameters. 

 Recalculate the fitness 

incrementally based on these 

local adjustments. 

7. Update on Fitness: 

 Recalculate fitness for each 

firefly after position updates. 

 Scale and adjust brightness  

based on the new fitness, update 

the swarm's aggregate fitness 

matrix. 

8. Convergence Check: 

 Check convergence criteria, such 

as achieving a maximum number 

of iterations  or minimal change 

in fitness values across the 

swarm. 

 If convergence criteria are met, 

proceed to selection; otherwise, 

repeat steps 3–7. 

9. Selection of Optimal Solution: 

 Identify the firefly with the 

highest fitness  and verify its 

brightness  

 Rank and validate the top-

performing fireflies against a 

fitness threshold  and diversity 
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factor, selecting the optimal 

solution for the final model. 

10. Final Model Construction: 

 Construct the final decision tree 

model using parameters  

(feature subset), 

(thresholds), and 

(optimized depth) from the 

optimal firefly. 

 Prune unnecessary branches 

based on pruning threshold  and 

assess the final model accuracy 

 for validation. 

 

This algorithmic procedure enables the 

FSO-DT model to identify an optimized decision 

tree configuration through a comprehensive and 

iterative search, leveraging swarm intelligence 

principles for enhanced classification accuracy and 

efficiency. 

 

4. DATASET 

 

The Z‑Alizadeh Sani dataset comprises 

records collected from 303 patients evaluated for 

coronary artery disease at a major cardiovascular 

center. The dataset includes 54 attributes divided 

into four categories: demographic information; 

clinical symptoms, physical examination findings; 

electrocardiogram measurements; laboratory plus 

echocardiographic parameters. Patient status is 

classified as either exhibiting significant coronary 

artery narrowing or appearing normal. The dataset 

offers a complete collection of data, with no 

missing entries. It presents a wide range of 

variables such as age, weight, body mass index, 

blood pressure, various biochemical markers. 

Researchers have employed this dataset to develop 

machine learning models intended to support non-

invasive diagnosis of coronary artery disease. 

Various classification methods have been applied to 

the data; examples include support vector 

machines, logistic regression, decision trees, 

ensemble techniques. The dataset serves as a 

resource for investigating feature selection 

approaches, optimization algorithms; these 

techniques have been utilized to enhance predictive 

performance. Its availability through a public 

repository supports reproducible studies in 

biomedical informatics, decision support system 

development. The Z‑Alizadeh Sani dataset stands 

as an important asset for the research community 

seeking to improve diagnostic accuracy, understand 

underlying risk factors associated with coronary 

artery disease. Extremely valuable. This dataset 

remains core to cardiac research. 

 

5. RESULTS AND DISCUSSION 

 

5.1. Jaccard Index Analysis 

 

The Jaccard Index is a crucial metric for 

evaluating the similarity between predicted and 

actual classifications, particularly in medical 

diagnostics, where precise differentiation between 

categories is essential. Figure 1 presents a 

comparative analysis of the Jaccard Index scores 

for FSO-DT alongside state-of-the-art classification 

algorithms, with corresponding numerical values 

detailed in Table 1. The x-axis represents the 

classification algorithms—H-HHO, TLV-MLF, and 

FSO-DT—while the y-axis depicts their respective 

Jaccard Index scores. 
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The observed performance highlights a 

significant disparity among the algorithms. The 

lowest score, 36.986%, is noted for H-HHO, 

indicative of its reduced capability to distinguish 

between classes in CAD prediction. This limitation 

stems from H-HHO’s sensitivity to local optima, 

which affects its ability to maintain a global search 

balance during hyperparameter tuning. TLV-MLF 

performs moderately better, achieving a Jaccard 

Index of 45.588%. However, TLV-MLF struggles 

with feature selection inconsistencies due to its 

reliance on statistical voting, which may exclude 

potentially significant predictive attributes. 

 

FSO-DT surpasses both H-HHO and TLV-

MLF with a Jaccard Index of 63.934%, 

demonstrating its superior ability to refine 

classification boundaries. This improvement is 

attributed to its effective swarm intelligence 

mechanism, which dynamically adjusts decision 

tree parameters based on firefly movement 

influenced by brightness, an indicator of 

classification accuracy. The structured optimization 

of decision tree splits through firefly positioning 

enhances decision granularity, leading to more 

refined classification outcomes. Furthermore, FSO-

DT’s adaptive light intensity mechanism ensures 

balanced exploration and exploitation, mitigating 

premature convergence issues observed in 

competing algorithms. 

 

 

Figure 1: Jaccard Index Score Comparison for FSO-DT 

and State-of-the-Art Algorithms 

 

The results affirm FSO-DT’s effectiveness 

in CAD prediction, emphasizing the importance of 

integrating bio-inspired optimization with ensemble 

learning to achieve higher classification similarity. 

This advancement underscores its potential for 

more precise and reliable CAD diagnostics, 

improving decision support in medical applications. 

 

Table 1: Jaccard Index Values of FSO-DT vs. State-of-

the-Art Algorithms 

Classification Algorithms Jaccard Index (%) 

H-HHO 36.986 

TLV-MLF 45.588 

FSO-DT 63.934 

 

5.2. Diagnostic Utility Index Analysis 

The Diagnostic Utility Index (DUI) is an 

essential measure for assessing a model’s 

effectiveness in distinguishing between CAD-

positive and CAD-negative cases. A higher DUI 
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indicates superior diagnostic reliability, critical for 

enhancing clinical decision-making. Figure 2 

illustrates the DUI performance of FSO-DT, TLV-

MLF, and H-HHO, while Table 2 provides the 

corresponding numerical values. The classification 

models are plotted on the x-axis, whereas the y-axis 

represents their respective Diagnostic Utility Index 

scores. 

 

 

Figure 2: Diagnostic Utility Index Performance of FSO-

DT vs. State-of-the-Art Algorithms 

The performance of H-HHO, with a DUI 

of only 3.196%, reflects its struggle to achieve 

optimal classification boundaries. This shortfall is 

primarily due to its limited feature adaptation, as 

the hybridized Harris Hawks approach does not 

effectively balance exploration and exploitation 

when dealing with CAD’s complex symptom 

variability. The algorithm's reliance on predefined 

hyperparameter tuning fails to adjust dynamically, 

leading to suboptimal classification performance. 

 

On the other hand, TLV-MLF 

demonstrates a better performance, reaching a DUI 

of 15.196%. The two-layer voting mechanism 

improves feature selection to some extent, yet its 

dependency on statistical heuristics restricts its 

adaptability. The ensemble-based classification 

process also introduces inconsistencies, as feature 

importance fluctuates between classifiers. The 

model occasionally prioritizes less relevant 

attributes, reducing its predictive reliability in CAD 

diagnostics. 

 

FSO-DT stands out with a remarkable DUI 

of 49.180%, underscoring its efficiency in refining 

diagnostic precision. The firefly swarm 

optimization mechanism dynamically adjusts 

decision tree parameters by mimicking fireflies' 

adaptive movement and brightness-dependent 

attraction, ensuring continuous enhancement of 

classification accuracy. Unlike H-HHO and TLV-

MLF, which suffer from rigid hyperparameter 

constraints, FSO-DT evolves its decision tree 

structures iteratively, enabling fine-tuned 

classification that minimizes false positives and 

negatives. Additionally, the swarm intelligence 

component enhances feature weighting, prioritizing 

key diagnostic markers throughout the 

classification process. 

 

Table 2: Computed Diagnostic Utility Index for FSO-DT 

and State-of-the-Art Algorithms 

Classification 

Algorithms 

Diagnostic Utility Index 

(%) 

H-HHO 3.196 

TLV-MLF 15.196 

FSO-DT 49.180 

 

This comparative analysis highlights the 

critical role of adaptive bio-inspired optimization in 

medical diagnostics. The substantial advantage of 

FSO-DT over traditional heuristic-driven models 

reinforces the importance of evolutionary learning 
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in CAD prediction, paving the way for more 

precise, reliable, and interpretable classification 

models in clinical practice. 

 

5.3. FSO-DT: Precision Analysis 

 

Precision is a crucial metric in CAD 

prediction, reflecting the proportion of correctly 

identified CAD-positive cases among all predicted 

positives. A higher precision score indicates fewer 

false positives, reducing the risk of misdiagnosis 

and unnecessary medical interventions. Figure.3 

presents a comparative analysis of the precision 

scores for FSO-DT, TLV-MLF, and H-HHO, with 

corresponding numerical values in Table 3. The x-

axis represents the classification models, while the 

y-axis denotes the precision percentages. 

 

 

Figure 3: Precision Score Comparison Between FSO-DT 

and State-of-the-Art Algorithms 

 

H-HHO records the lowest precision score 

at 52.258%, demonstrating its struggle to maintain 

classification reliability. This limitation arises from 

its sensitivity to outliers and suboptimal 

hyperparameter tuning, leading to increased false 

positives. The hybrid Harris Hawks approach lacks 

fine-grained adaptation when applied to 

heterogeneous CAD datasets, often misclassifying 

borderline cases due to rigid decision boundaries. 

TLV-MLF, with a precision of 60.001%, offers an 

improvement over H-HHO due to its two-layer 

voting strategy. The integration of statistical feature 

selection and classifier ensemble techniques 

somewhat reduces prediction accuracy. However, 

inconsistencies in its voting mechanism 

occasionally result in the selection of less relevant 

features. This drawback reduces the model’s ability 

to maintain high specificity, causing moderate 

false-positive rates. 

 

FSO-DT significantly surpasses both 

competing models, achieving a precision score of 

81.250%. The superior performance stems from its 

firefly-inspired optimization, which dynamically 

refines decision tree structures to enhance 

classification accuracy. Unlike H-HHO and TLV-

MLF, FSO-DT employs an adaptive swarm-based 

approach that ensures optimal decision boundary 

placement, minimizing misclassifications. The 

model’s capability to iteratively adjust feature 

selection and split criteria enables it to maintain 

high specificity while improving diagnostic 

accuracy. 

 

Table 3: Precision Values of FSO-DT vs. State-of-the-Art 

Algorithms 

Classification Algorithms Precision (%) 

H-HHO 52.258 

TLV-MLF 60.001 

FSO-DT 81.250 

 

This evaluation emphasizes the necessity 

of bio-inspired optimization in medical 
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classification. FSO-DT’s remarkable precision 

improvement highlights its potential for CAD 

prediction, reducing false-positive diagnoses and 

ensuring more reliable clinical recommendations. 

This advancement reinforces the importance of 

dynamic feature optimization in healthcare 

machine-learning models. 

 

5.4. FSO-DT: Recall Analysis 

 

Recall is a fundamental metric in CAD 

prediction, representing the proportion of correctly 

identified CAD-positive cases among all actual 

positives. A higher recall score indicates better 

sensitivity, ensuring fewer CAD-positive cases are 

missed, which is crucial for early intervention. 

Figure 4 illustrates the recall performance of FSO-

DT, TLV-MLF, and H-HHO, with Table 4 

providing the numerical values. The x-axis lists the 

classification models, while the y-axis represents 

their respective recall percentages. 

 

H-HHO demonstrates the lowest recall 

score at 55.862%, highlighting its struggle in 

correctly identifying all CAD cases. This limitation 

arises from its tendency to focus on exploitative 

search strategies while lacking sufficient 

exploration. As a result, the algorithm fails to 

generalize well across diverse data distributions, 

leading to missed positive cases. The constrained 

adaptability of its optimization process limits its 

ability to differentiate between true positive and 

false negative classifications effectively. TLV-MLF 

improves recall performance to 65.493%, 

benefiting from its two-layered feature selection 

and classifier ensemble. Integrating multiple 

statistical voting techniques helps the model 

recognize more positive cases than H-HHO. 

However, its recall is still suboptimal due to 

inconsistencies in feature weighting. The model’s 

reliance on rigid statistical selection sometimes 

leads to the exclusion of weak but relevant features, 

which reduces its effectiveness in capturing all true 

CAD cases. 

 

 

Figure 4: Recall Performance of FSO-DT Compared to 

State-of-the-Art Algorithms 

 

FSO-DT achieves the highest recall score 

at 75.017%, demonstrating its superior capability in 

minimizing false negatives. The effectiveness of 

FSO-DT stems from its firefly swarm optimization, 

which dynamically refines decision tree structures 

by adjusting feature relevance based on light 

intensity signals. Unlike H-HHO and TLV-MLF, 

FSO-DT ensures balanced exploration and 

exploitation, allowing it to adapt effectively to 

complex CAD data distributions. This capability 

results in more comprehensive detection of CAD-

positive cases, reducing the likelihood of 

overlooked diagnoses. 
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Table 4: Recall Scores of FSO-DT vs. State-of-the-Art 

Algorithms 

Classification Algorithms Recall (%) 

H-HHO 55.862 

TLV-MLF 65.493 

FSO-DT 75.017 

 

The substantial improvement in recall 

underscores FSO-DT’s advantage in medical 

diagnostics, particularly in scenarios where missing 

a CAD-positive case could have severe 

consequences. Its adaptive optimization strategy 

provides a more robust approach to identifying 

critical cases accurately, making it a more reliable 

choice for CAD prediction models. 

 

5.5. FSO-DT: Classification Accuracy Analysis 

 

Classification accuracy is a crucial metric 

in evaluating the overall performance of a 

predictive model, particularly in CAD diagnosis, 

where precise classification ensures effective 

patient management. Figure 5 illustrates the 

accuracy comparison among FSO-DT, TLV-MLF, 

and H-HHO, with Table 5 providing the 

corresponding numerical values. The x-axis 

represents the classification models, while the y-

axis displays their accuracy percentages. 

 

H-HHO records the lowest classification 

accuracy at 54.455%, reflecting its limited ability to 

achieve a balanced trade-off between precision and 

recall. This deficiency originates from reliance on 

heuristic-driven hyperparameter tuning, which 

struggles to adapt dynamically to varying data 

distributions. The premature convergence of the 

hybrid Harris Hawks approach further impacts its 

decision boundary refinement, leading to frequent 

misclassifications in CAD cases. TLV-MLF 

improves upon H-HHO, reaching an accuracy of 

63.366%. Its two-layer voting mechanism enhances 

feature selection, enabling a more refined 

classification process. However, the model’s rigid 

statistical dependency introduces inconsistencies, as 

the hard and soft voting strategies occasionally 

conflict, leading to suboptimal classifier weighting. 

This shortcoming reduces its ability to maintain 

stable classification performance across different 

CAD datasets. 

 

Figure 5: Overall Classification Accuracy of FSO-DT vs. 

State-of-the-Art Algorithms 

 

 

FSO-DT demonstrates a significant 

accuracy advantage, achieving 78.218%, 

underscoring its superior classification reliability. 

The firefly-inspired swarm intelligence ensures 

dynamic optimization of decision tree parameters, 

effectively balancing model generalization and 

specificity. Unlike H-HHO and TLV-MLF, FSO-

DT continuously refines its decision boundaries 

through adaptive light intensity mechanisms, 

reducing overfitting while improving predictive 
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accuracy. The swarm-driven movement of fireflies 

enhances exploration, ensuring that crucial CAD-

related features are consistently prioritized for 

classification. 

 

The results validate the efficacy of bio-

inspired optimization in enhancing classification 

accuracy. FSO-DT’s superior performance 

highlights its potential for improving CAD 

diagnostics by minimizing classification errors, 

making it a more reliable choice for real-world 

applications in healthcare decision-making. 

 

Table 5: Accuracy Scores of FSO-DT vs. State-of-the-Art 

Algorithms 

Classification 

Algorithms 

Classification Accuracy 

(%) 

H-HHO 54.455 

TLV-MLF 63.366 

FSO-DT 78.218 

5.6. FSO-DT: F-Measure Analysis 

The F-measure is a balanced evaluation 

metric that integrates precision and recall, 

comprehensively assessing a classification model’s 

effectiveness in CAD prediction. Figure 6 

visualizes the F-measure scores of FSO-DT, TLV-

MLF, and H-HHO, while Table 6 lists the 

numerical values. The x-axis represents the 

classification models, whereas the y-axis indicates 

their respective F-measure scores. 

 

H-HHO exhibits the lowest F-measure 

score at 54.011%, emphasizing its difficulty in 

achieving equilibrium between sensitivity and 

specificity. The algorithm’s limited adaptive 

capability contributes to its inconsistent 

classification performance, often leading to an 

increased number of false positives and false 

negatives. Its heuristic-driven optimization lacks 

the flexibility to dynamically adjust feature 

importance, resulting in an unstable balance 

between precision and recall. 

 

 

Figure 4.6: F-Measure Evaluation of FSO-DT Against 

State-of-the-Art Algorithms 

 

TLV-MLF demonstrates a moderate 

improvement with an F-measure of 62.626%, 

benefiting from its two-layer voting strategy that 

refines feature selection and classification 

weighting. However, despite this enhancement, the 

rigid statistical voting mechanisms occasionally 

misprioritize feature importance, reducing its 

adaptability to diverse CAD datasets. This 

inconsistency affects the model’s ability to 

maintain robust classification reliability across 

varying patient data distributions. 

 

FSO-DT achieves the highest F-measure 

score of 78.000%, reinforcing its superior 

classification effectiveness. The integration of 

firefly swarm optimization dynamically refines 

decision tree parameters, ensuring optimal feature 

selection while maintaining a precise classification 
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boundary. Unlike H-HHO and TLV-MLF, which 

suffer from static optimization constraints, FSO-DT 

employs an adaptive movement strategy that 

enhances feature differentiation, reducing false 

negatives and false positives. The algorithm’s 

ability to fine-tune its decision-making through 

iterative swarm-based learning enables it to achieve 

an optimal balance between precision and recall. 

 

Table 6: F-Measure Scores for FSO-DT vs. State-of-the-

Art Algorithms 

Classification Algorithms F-Measure (%) 

H-HHO 54.011 

TLV-MLF 62.626 

FSO-DT 78.000 

 

The substantial performance boost in FSO-

DT highlights the effectiveness of bio-inspired 

optimization in medical classification tasks. Its 

higher F-measure score validates its CAD 

prediction reliability, ensuring diagnostic accuracy 

and classification stability. This advancement 

positions FSO-DT as a more effective approach for 

clinical decision-making, offering greater 

confidence in predictive analytics for CAD 

diagnosis. 

 

6. CONCLUSION 

 

This study introduced an Artificial Bee 

Colony-Optimized Naive Bayes (ABC-NB) 

framework tailored for efficient prediction of 

Coronary Artery Disease (CAD). Feature selection 

played a pivotal role in refining the dataset, 

eliminating redundant or noisy attributes, and 

enhancing classifier performance. The ABC 

algorithm effectively identified the most influential 

features, leading to a more focused and 

computationally efficient learning process. When 

integrated with the Naive Bayes classifier, the 

optimized feature subset yielded improved 

diagnostic accuracy, precision, sensitivity, and 

specificity compared to traditional models. The 

experimental outcomes confirmed the synergy 

between bio-inspired optimization and probabilistic 

learning in the medical diagnostic domain. This 

framework stands out as a lightweight, 

interpretable, and scalable solution suitable for real-

time clinical decision support systems. The 

proposed method holds potential for broader 

applications in other disease domains, where early 

detection and high accuracy are critical. Future 

extensions may explore hybrid ensembles or deep 

neuro-symbolic integrations. 
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