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ABSTRACT: Transforming underlying cardiovascular risk into actionable clinical decisions remains a major chal-
lenge in contemporary healthcare. Despite advances in cardiology, early-stage cardiovascular disease often remains
undetected, which hinders timely intervention and leads to preventable deaths. To overcome this problem, this
study presents an explainable machine learning framework for the early diagnosis of cardiovascular disease (CVD).
Initially, this study examined several data-balancing strategies, for example, SMOTE (Synthetic Minority Over-
sampling Technique), SMOTETomek (Synthetic Minority Over-sampling Technique + Tomek Links), Tomek Links,
ADASYN (Adaptive Synthetic Sampling), and SMOTE-ENN (Synthetic Minority Over-sampling Technique-Edited
Nearest Neighbors) within the data-preprocessing pipeline. We proposed a novel Adaptive Inertia Weight Gorilla
Troops Optimizer (AIW-GTO) to overcome classical GTO’s (Gorilla Troops Optimizer) unstable convergence by
adaptively controlling step sizes. It uses large exploratory steps early for wide search and smaller steps later for fine-
tuned local optimization, which ensures stable convergence and enhanced optimization accuracy. Several machine
learning techniques, namely XGBoost, Random Forest, SVM (Support Vector Machine), LightGBM (Light Gradient
Boosting Machine), and MLP (Multilayer Perceptron) classifier, were evaluated on the multi-regional UCI heart
disease dataset. The experimental findings revealed that, by integrating AIW-GTO Optimization and class imbalance
mitigation, LightGBM and XGBoost individually achieved a benchmark accuracy of 93.48% and 91.85%, respectively.
Moreover, a weighted ensemble of them further improved the accuracy to 94.02%. Sensitivity analysis further evaluated
the model’s ability to perform under incomplete clinical test data. To enhance ethical considerations and clinical trust,
SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) were utilized to
provide model explainability and identify the most influential features affecting prediction outcomes. Analysis indicated
that ECG-related (Electrocardiogram) features, including ST_Slope (exercise-induced ST change) and Oldpeak (ST
depression magnitude), emerged as key predictors of CVD risk. Overall, the proposed framework provides a clinically
reliable and interpretable approach for early cardiovascular risk assessment to enable proactive patient management.
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1 Introduction
Cardiovascular disease is a global epidemic that kills millions of people annually, although it’s largely

preventable at early stages [1–3]. As reported by World Health Organization (WHO)1, Cardiovascular Disease
(CVD) caused approximately 19.2 million deaths in 2023, which was one-third of all deaths worldwide [4].
This continued rise during the last few decades serves as an indicator of the growing burden of heart and
vascular diseases. Despite improvements in medical care, most of the cardiovascular diseases are caused by
preventable risk factors, such as hypertension, poor diet, diabetes, obesity and smoking [5,6]. The burden is
disproportionately higher in the developing countries, which contribute to more than three-quarters of all
CVD-related deaths in the world [7]. One of the biggest challenges is that many cardiovascular conditions are
asymptomatic. Many people with early disease have no clear symptoms, which causes a delay in diagnosis and
treatment, which makes them more likely to have severe outcomes [8]. Early detection is therefore critical
to limit mortality and long-term problems [9].

Cardiovascular disease seldom occurs all at once, but rather it develops gradually through a long chain
of biological and behavioral change. When these early warning signs are recognized in time, preventive
measures can be made in the form of targeted medication and long-term lifestyle modifications before
irreversible damage occurs, which also reduces the need for costly or invasive treatments. Traditional
diagnostics are based on symptoms, which tend to miss subclinical cases and do not adequately record
individual differences in genetics, lifestyle, and environment. By reorienting diagnosis as a predictive and
individualized process rather than a reactive process, machine learning can offer promising opportunities
for the prevention of cardiovascular disease [10].

Machine learning (ML) has evolved into a paradigm-shifting tool in clinical automation because of its
ability to interpret complex data, uncover hidden patterns, and support predictive decision-making [11]. It
is especially useful for early diagnosis of cardiovascular disease (CVD) where early diagnosis helps prevent
serious complications and mortality [12,13]. However, most of the existing studies are based mainly on the
ML models without combining data analysis, optimization, and class imbalance mitigation [14]. Moreover,
the lack of attention towards model interpretability limits the understanding of predictions and clinical trust.
Furthermore, limited validation of models in diverse scenarios, particularly with incomplete patient data,
raises concerns about the sensitivity and robustness of the model.

The classical optimizers, such as the Gorilla Troops Optimizer (GTO), are typically unstable in
convergence, particularly when applied to complex and high-dimensional data such as the UCI Heart Disease
dataset. The interactions among the variables in this dataset are usually non-linear and intricate, which
makes it difficult for traditional optimization algorithms to effectively explore all possible solutions. The fixed
parameters in classical GTO are prone to local minima and premature stagnation, particularly when dealing
with noisy data or complex feature interactions. These problems result in suboptimal outcomes, which are
critical in medical practice where accurate and reliable predictions are necessary. This indicates the necessity
of a modified optimization strategy that will stabilize the convergence and increase the overall reliability of
the prediction.

These limitations reduce the model’s capability to effectively predict CVD and prevent models from
achieving the level of reliability needed for clinical deployment. Since reliability is critical in healthcare,
developing resilient, accurate, and interpretable models is imperative for effective early CVD detection.

1https://www.who.int/en/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)

https://www.who.int/en/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
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1.1 Research Gaps
Despite a lot of progress, existing Artificial Intelligence (AI)-based systems for cardiovascular disease

diagnosis still have several significant limitations. The important research gaps are listed as follows.

• Existing studies mostly rely on machine learning models without incorporating data analysis, model
optimization, and class imbalance mitigation, which limits predictive accuracy and may not be reliable
enough for clinical deployment.

• Lack of model interpretability leads to a lack of clinical trust, as well as ethical and regulatory concerns
in medical decision-making.

• Existing studies fail to provide adequate benchmarking and ablation analyses to clearly highlight their
real contributions with respect to established methods, which makes it difficult to assess the real
improvements in performance.

• Validation is frequently limited and prone to overfitting due to the use of single train-test splits instead
of more robust methods such as cross-validation. Furthermore, the models were not assessed using
datasets with missing clinical test data.

1.2 Key Contributions
In this work, we systematically addressed the key limitations of existing approaches. The primary

contributions are as follows:

• Proposed a novel modified Gorilla Troops Optimizer called AIW-GTO, to address the unstable conver-
gence of the classical GTO by adaptively controlling step sizes. The algorithm takes large exploratory
steps in initial iterations for global search and smaller step sizes in late iterations for local optimization
to ensure stable convergence and enhanced optimization accuracy.

• Performed explainability analysis using Local Interpretable Model-agnostic Explanations (LIME)
and Shapley Additive Explanations (SHAP) to identify the most important features influencing the
prediction outcomes, which helps in improving clinical interpretability and transparency.

• Integrated comprehensive data analysis, class balancing and weighted ensemble strategy to achieve
strong predictive performance suitable for reliable clinical deployment.

• Conducted sensitivity analysis by systematically dropping key attributes to prove that the model is
reliable in situations with limited clinical data.

• Validated the model on the multi-regional UCI Heart Disease dataset and evaluated by applying
stratified k-fold cross-validation to achieve generalizability and avoid overfitting.

1.3 Structure of the Paper
• Section 1 introduces the impact of reliable early identification of cardiovascular disease and outlines the

existing research gaps, as well as presents the important contributions of this study.
• Section 2 surveys existing research relating to early diagnosis of cardiovascular disease.
• Section 3 details the methodology and illustrates the automated framework that was developed for early

CVD identification.
• Section 4 documents the experimental findings and presents an in-depth analysis of the errors.
• Section 5 summarizes the major contributions of the study and suggests possible directions for

future work.



4 Comput Mater Contin. 2026;88(3):27

2 Literature Review
The accelerated growth of cardiovascular disease (CVD) worldwide has led to massive research for

early diagnosis and risk prediction [15,16]. The adoption of ML strategies in clinical practice has allowed
the evaluation of high-volume clinical records and the detection of subtle patterns that are difficult to
recognize through conventional methods [17]. In recent years, multiple studies have demonstrated promising
results using ML frameworks to predict cardiovascular disease using clinical and demographic attributes.
Nevertheless, issues including class imbalance, insufficient model explainability, and suboptimal model
optimization continue to constrain the effective implementation of such systems in clinical practice.

A broad range of studies have explored AI-driven approaches for cardiovascular disease prediction uti-
lizing clinical risk factors. Experimental validation was commonly performed using benchmark datasets such
as the Cleveland [18], Framingham [19], and UCI Heart Disease datasets [20]. Although these datasets share
many overlapping attributes related to demographic information, physiological measurements and ECG
indicators, they differ in terms of population characteristics, acquisition protocols, and institutional sources.

Chulde-Fernández et al. [21] reported that Random Forest achieved superior performance in heart
failure prediction by attaining a specificity of 0.93, an AUC of 0.97, and an MCC (Matthews Correlation
Coefficient) of 0.83, while K-Nearest Neighbor (KNN) and Multilayer Perceptron (MLP) exhibited com-
paratively lower performance. Almutairi and Dardouri [22] introduced a hybrid XGBoost–SVM framework
utilizing clinical data and reported an accuracy of 89.3%, outperforming Logistic Regression, Random Forest,
and deep neural networks. In a related effort, Cao et al. [23] presented an optimized XGBoost model
incorporating feature selection and particle swarm optimization, which yielded an accuracy of 74.7% and an
AUC of 80.8%.

Rimal and Sharma [24] examined several optimization strategies, including Optuna Optimization,
Bayesian Optimization, and GAsearchCV, together with SVM and Random Forest (RF) using five and ten
generations. Their results indicated that the standard Random Forest (RF), BO-optimized SVM, and BO-
optimized RF achieved the strongest performance, with accuracies of 86.6%, 90%, and 89%, respectively.
Similarly, Khan et al. [25] analyzed RF using clinical data collected from different hospitals of Pakistan,
which reported an accuracy of 85.01%, specificity of 43.48%, ROC of 87.73%, and sensitivity of 92.11%, with a
misclassification error of 8.70%. In another study, Pasha et al. [26] assessed several ML algorithms on a dataset
obtained from Kaggle comprising demographic and clinical features, where they found that a TensorFlow-
based Keras ANN (Artificial Neural Network) outperformed traditional SVM, KNN, DT, and ANN models
by achieving an accuracy of 85.24%.

Wijesinghe et al. [27] performed a detailed analysis of cardiac MRI (Magnetic Resonance Imaging)
segmentation on ventricular structures and myocardium with various U-Net variants with the Automated
Cardiac Diagnosis Challenge (ACDC) dataset. The highest performance was shown by the Feature Pyramid
U-Net with the Dice scores of 0.9388, 0.8759, and 0.8426 of the left ventricle, right ventricle, and myocardium,
respectively. The research paper shows that multi-scale feature extraction enhances precise segmentation
of complex cardiac structures and allows to compare U-Net models used in cardiac image analysis. Com-
plementing image-based analysis, Dritsas and Trigka [28] developed an ML framework for cardiovascular
disease (CVD) risk prediction using multiple medical risk factors and employed SMOTE to mitigate class
imbalance. Ahmed et al. [29] proposed an optimized heart failure survival prediction framework integrating
GBM (Gradient Boosting Machines) with the proposed AIW-PSO optimizer on a Kaggle dataset of 299
patients. Trigka and Dritsas [30] investigated deep learning architectures for CVD prediction and introduced
an enhanced SMOTE variant for class imbalance handling.
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Authors of [31] reviewed explainable artificial intelligence (XAI) in Healthcare 5.0 and emphasized its
role in enabling transparent and trustworthy clinical decision-making. Although such results highlight AI’s
strong predictive capability in the medical sector, the limited interpretability, inadequate model optimization
and high computational complexity of the models remain a key challenge. Other recent studies on early CVD
prediction are compiled in Table 1.

Table 1: Review of existing studies.

Ref. Year Context Proposed Approach Limitation Performance

[32] 2021
Automated

cardiovascular
disease diagnosis

Hybrid AHDD using
Binary CNN with

GA-SVM-NB–based
feature selection

Complex architecture;
higher computational

cost
90.1% accuracy

[33] 2021

Coronary
cardiovascular

disease prediction
using ML and

ensemble methods

Stacked model
(KNN+RF+SVM)

No class imbalance
handling or XAI

integration.
75.1% accuracy

[34] 2022
Feature-limited
cardiovascular

disease prediction

Hybrid ML model with
feature selection

Evaluated on limited
dataset

84.24%
accuracy

[35] 2023
Early-stage CVD
prediction using

ML

Proposed CatBoost
model with automatic

feature selection

No class imbalance
handling or

explainable AI
integration

90.94%
accuracy and

92.3% F1-score

[36] 2024 Cardiovascular
disease diagnosis

Heart-Net: Multi-modal
DL using MRI (3D

U-Net) + ECG (TCGN)
with attention fusion

High computational
cost; requires

multi-modal data

93.45%
accuracy

[37] 2025

Deep learning
based CVD

detection with
explainability

ANN incorporating PCA
and SHAP

Low sensitivity; RF
and SVM outperform

ANN
83.4% accuracy

[38] 2025
CVD identification

using ensemble
ML

Stacking ensemble
(CatBoost+ Naïve Bayes
+ Decision Tree with

Gradient Boosting
meta-learner)

High computational
cost; limited

evaluation across
diverse datasets

91% accuracy

[39] 2026 CVD classification
using quantum ML

Proposed Hybrid
Quantum–Neural

Network (Autoencoder +
QNN)

Requires quantum
hardware/simulation;

no class imbalance
handling or

explainable AI

90.98%
accuracy
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Motivated by these findings and to address key limitations in existing studies, including insufficient
accuracy, inadequate class imbalance handling, limited explainability, and incomplete model evaluation,
this work presents an explainable machine learning framework incorporating model optimization, class
imbalance mitigation, and a weighted ensemble strategy.

3 Proposed Methodology
In this study, we introduced an interpretable machine learning approach for accurate and reliable

early cardiovascular disease identification. The proposed method starts with the evaluation of different class
balancing strategies, such as Adaptive Synthetic Sampling (ADASYN), Synthetic Minority Over-sampling
Technique (SMOTE), Synthetic Minority Over-sampling Technique with Tomek Links (SMOTETomek),
Synthetic Minority Over-sampling Technique with Edited Nearest Neighbours (SMOTE-ENN), and Tomek
Links. We proposed a novel Adaptive Inertia Weight Gorilla Troops Optimizer (AIW-GTO) to overcome
classical GTO’s unstable convergence by adaptively controlling step sizes. It uses large exploratory steps early
for wide search and smaller steps later for fine-tuned local optimization, which ensures stable convergence
and enhanced optimization accuracy. Several benchmark ML architectures, such as SVM, Random Forest,
XGBoost, LightGBM, and MLP, were explored with extensive hyperparameter optimization and validated
on a popular multi-regional UCI heart disease dataset. To harness the power of individual best-performing
models, a weighted ensemble strategy was developed to combine the predictive ability of individual
models. In addition, model explainability was added using LIME and SHAP to ensure transparency, ethical
accountability, and clinical trust by determining the most influential features driving prediction outcomes.
The architecture proposed in this work is given schematically in Fig. 1.

Figure 1: Conceptual workflow of the proposed method.
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3.1 Dataset Description
This study utilized the widely adopted UCI Heart Disease dataset from Kaggle, which combines data

from the following five well-adapted datasets on CVD: Cleveland, Hungarian, Switzerland, Statlog, and Long
Beach VA. The merged dataset has 918 patient records with 508 records of cardiovascular disease cases and
410 records of normal cases. The dataset consists of 11 diagnostic attributes per record and a binary outcome
indicating the presence of heart failure. An overview of the dataset features is shown in Table 2.

Table 2: Dataset attribute overview.

SN Attribute Value Type Description Reference Value

1 Age Integer
Patient’s age in years. Aging is one of the
main risk factors of high blood pressure

stiffness and heart worsening.
Years (28–77)

2 RestingBP
(mmHg) Integer

Resting blood pressure. Hypertension is
persistent (>130/80) leading to workload

and risks of cardiac failure.
0–200

3 ChestPainType String
(Nominal)

Categorization of chest pain. Silent
ischemia and increased risk are often

associated with the so-called
asymptomatic (ASY) presentations.

ATA (Atrial
Tachyarrhythmia),

NAP (Unstable
Angina Pectoris),

ASY, TA

4 Sex String
(Nominal)

Sex of the patient (biological). Males are
usually more predisposed to the

early-onset coronary artery disease.
Male, Female

5 RestingECG String
(Nominal)

The results of resting electrocardiogram.
Abnormalities of ST and LVH are good

indicators of problems with the structure
of the heart.

Normal, ST, LVH

6 FastingBS Integer
(Binary)

Fasting blood sugar > 120 mg/dL. Signifies
diabetic mellitus, which greatly hastens

the vascular injury.
0 (<120), 1 (>120)

7 Cholesterol
(mg/dL) Integer

Serum cholesterol. High levels point to
hyperlipidemia, which is a predisposing
factor to atherosclerotic accumulation of

plaque.

0–603

8 Oldpeak Float
Exercise vs. rest ST depression. Deep

depressions indicate the degree of
myocardial ischemia.

−2.6–6.2

9 ExerciseAngina String
(Binary)

Angina induced by exertion. Its existence
implies coronary artery constriction

incapable of fulfilling demand of oxygen.
N (No), Y (Yes)

(Continued)
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Table 2 (continued)

SN Attribute Value Type Description Reference Value

10 ST_Slope String
(Nominal)

Peak exercise ST segment slope. A flat or
down slope is a powerful pathological

factor of coronary disease.
Up, Flat, Down

11 MaxHR
(bpm) Integer Maximum heart rate achieved (bpm). 60–202

12 Cardiovascular
Disease

Integer
(Binary)

Target Variable. The availability (1) or
unavailability (0) of diagnosed

cardiovascular disease.

0 (Normal), 1
(Disease)

The attributes of the dataset include a combination of numerical and categorical features and are
classified as follows:

• Numerical features: Age, Cholesterol, MaxHR, RestingBP and Oldpeak.
• Categorical features: FastingBS, Sex, ChestPainType, ST_Slope, ExerciseAngina and RestingECG.

3.2 Data Preprocessing
Raw clinical data represents heterogeneous types of features with varying scales, which may lead

to impeding the convergence of machine learning algorithms. In order to overcome this, a two-stage
preprocessing pipeline was introduced, concentrating on feature-space modification and class distribu-
tion balancing.

3.2.1 Feature Transformation and Scaling
Nominal and ordinal categorical variables were coded differently so that semantic meaning and bias

are prevented. Attribute ST_Slope (Up, Flat, Down) has an inherent rank equal to severity. Therefore,
ordinal encoding was employed to convert its categories to integer numbers [0, 1, 2]. In contrast, nominal
characteristics such as ChestPainType and RestingECG have been one-hot coded.

Numerical features (RestingBP, Age, Oldpeak, MaxHR, Cholesterol) were scaled to have a mean of 0
and unit variance in order to ensure features with large values do not dominate distance-based algorithms.
Class balancing was conducted after the normalization to make the numerical features scaled uniformly. The
balancing of classes prior to normalization may bias the distribution of classes, as they may have different
scales of features. Thus, we adhered to this sequence to avoid data leakage and have a fair assessment of
the model.

3.2.2 Strategic Class Balancing
While the original dataset is fairly balanced (55% positive vs. 45% negative), even the slight imbalance

of the dataset may induce a bias in the decision boundaries with a complex non-linear model. To analyze the
effect of resampling on the effectiveness of the classifiers, 5 different balancing methods were investigated in
this study: ADASYN, SMOTE, Tomek Links, SMOTE-Tomek, and SMOTE-ENN.

SMOTE and SMOTE-Tomek achieve class balance by generating samples from the minority class
without modifying the majority class, which has the drawback of ensuring equal representation but may lead
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to redundancy and increases in the risk of overfitting. On the other hand, Tomek Links as a hybrid approach
combines oversampling with selective instance removal to boost class separability without enforcing exact
symmetry. Lastly, SMOTE-ENN is a very aggressive algorithm used for noisy samples removal after the
oversampling process to generate cleaner decision boundaries instead of a strict class balance.

3.3 Proposed AIW-GTO Algorithm
The Gorilla Troops Optimizer (GTO) is a population-based metaheuristic algorithm based on social

hierarchy and collective behavior of gorillas. In this algorithm, each candidate solution is a gorilla, and the
best solution in the population is known as the Silverback. The Silverback provides the leadership and directs
other gorillas in the movement towards promising areas of the search space. Classical GTO functions with
two main phases of behavior, which are exploration and exploitation.
• Exploration: It helps gorillas to explore new areas by approaching randomly chosen individuals in the

population. This behavior adds diversity and helps the algorithm to avoid premature convergence.
• Exploitation: It motivates gorillas to move towards the Silverback, which permits refinement of the best

solution discovered until now.
The choice between these two phases is controlled by a probability p ∈ [0, 1].

• p < 0.5: The exploration mechanism is activated
• p ≥ 0.5: the exploitation mechanism is triggered

Although this strategy offers a balance between global and local search, classical GTO does not explicitly
control the movement step size across iterations, which may lead to unstable convergence behavior and
susceptibility to local optima. To overcome this drawback, we propose a modified version of GTO called the
Adaptive Inertia Weight Gorilla Troops Optimizer (AIW-GTO), in which adaptive control parameters are
incorporated in the position update mechanism.
• Adaptive Inertia Weight: To generate the dynamic process of the magnitude of movement of each

gorilla, an adaptive inertia weight w is introduced:

w = wmax − (
wmax −wmin

itermax
) × iter

where iter represents the present iteration and itermax denotes the highest value of iterations. The parameters
wmax and wmin define the upper and lower bounds of the inertia weight.

A population size of 15 search agents and 20 iterations was chosen to achieve a balance between
computational efficiency and convergence performance, as well as to avoid overfitting during training. The
adaptive inertia weight limits were configured towmax = 0.9 and wmin = 0.4. The initial large value of 0.9
encourages more global exploration during the initial stages of the algorithm, and the gradual decrease to
0.4 encourages more local exploitation during the later stages.

At the early stages of optimization, the inertia weight is large, which allows gorillas to take larger steps
and search in a larger region. As the number of iterations increases, the inertia weight slowly decreases,
which acts in the minimization of the step size and encourages fine-tuned local search. This adaptive behavior
enables a smooth transition from exploration to exploitation during the optimization process.
• Adaptive Exploration Coefficient: In addition to inertia control, the coefficient of exploration is re-

formulated, in order to introduce a kind of iteration-dependent behavior. The coefficient a is defined as-

a = (cos(2r) + 1) × (1 − iter
itermax

)
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where r ∈ [0, 1] is a random variable.
The cosine term contributes a controlled oscillatory movement, which brings diversity to the search

process. The periodic oscillatory movement plays an important role in enabling the optimization algorithm
to switch between exploration and exploitation. In the initial stages, exploration is prioritized, which allows
the algorithm to search a bigger solution space. The periodic exploration is enhanced by the oscillation,
which ensures that the algorithm does not become stuck in local minima. Conversely, a linear decay might
decrease exploration excessively, which will result in early convergence. Consequently, the algorithm explores
more during the early stages and shifts to exploitation during the late stages, which causes the algorithm to
converge to the optimal solution in a stable manner.

• Modified Position Update Mechanism: The classical GTO position update is enhanced with the flexible
inertia weight and exploration coefficient as direct factors in the movement equations.

During the exploration phase (p < 0.5), the position of the i-th gorilla is updated as:

Xt+1
i = Xt

i +w ⋅ (Xt
i − Xrand) ⋅ r1

where Xrand is a randomly selected gorilla and r1 ∈ [0, 1] is a random vector.
During the exploitation phase (p ≥ 0.5), the update rule becomes:

Xt+1
i = Xt

i +w ⋅ a ⋅ (Xsilverback − Xt
i ) ⋅ r1

where Xsilverback represents the global best solution.
By utilizing the adaptive inertia weight w and iteration-dependent coefficient a in both phases, the search

step size and direction can be changed dynamically during the optimization process by the proposed AIW-
GTO. This adaptive control is helpful for the optimizer to better search the complicated hyperparameter
spaces. In machine learning applications, wide exploration in the beginning of the process finds many
different combinations of hyperparameters, and a gradual decrease in the step size is used to update some
promising solutions. This smooth transition helps in convergence stability, avoids premature convergence,
and eventually helps in improving the predictive performance of the optimized models.

Fig. 2 illustrates the integration process, which combines the AIW-GTO algorithm with five machine
learning classifiers to establish an automated feedback loop that optimizes model hyperparameter settings
without requiring human intervention. This involves the following steps: randomly initializing a set of goril-
las as hyperparameter combinations, evaluating their performance using k-fold cross-validation, updating
their positions based on fitness and selecting the most effective parameters. After completing the specified
number of iterations, the best-performing parameters are used to train and test the final machine learning
model, which ensures its effectiveness on unseen data.
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Figure 2: AIW-GTO integration with ML models.

3.4 Weighted Ensemble Approach
Recent research has shown that an ensemble of several learning algorithms can significantly boost

the performance in classification tasks. Instead of using a single predictor, ensemble methods combine the
complementary predictive powers of multiple models, resulting in more reliable and accurate predictions.
Our paper explores pairwise ensemble constructions of five popular machine learning classifiers. Fig. 3
presents the general structure of the developed weighted ensemble.
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Figure 3: Overview of the weighted ensemble framework.

The average ensemble method predicts the final class by averaging the softmax probability of all the
models and choosing the highest combined value. This approach gives the same weight to every base classifier
regardless of its previous predictive performance. On the other hand, the suggested weighted ensemble
involves a performance-based weighting system to boost the prediction of cardiovascular disease. In this
case, the prior test accuracies of each model are used to compute weights so that more reliable classifiers
have a stronger influence on the final output. This adaptive weighting results in better robustness and more
overall predictive accuracy.

Suppose we have a framework containing r pre-trained models and a test dataset of q individual
instances. Each model assigns a class label to an instance qi from a predefined set of n categories. For
each instance qi , the model r j outputs an n-dimensional softmax probability vector, denoted as spi , j[n].
Accordingly, the prediction outputs generated by all models across the test set can be represented as:
sp11[], sp21[], . . . , spq1[],sp12[], sp22[], . . . , spq2[], . . . ,sp1 l [], sp2 l [], . . . , spql [].

The test accuracy values previously obtained for the r models are denoted by ta1 , ta2, . . . , tal . These
accuracy scores are utilized as weighting factors in the proposed ensemble strategy and the final classification
outcome is computed based on the formulation presented in Eq. (1).

O = arg max

⎛
⎜⎜⎜⎜
⎝

∀i ∈ (1, q)
r
∑
j=1

spi j[n] ⋅ ta j

r
∑
j=1

ta j

⎞
⎟⎟⎟⎟
⎠

(1)

Here, O denotes a vector of size q, containing the predictions produced by the proposed ensemble
method. To obtain the final predictions, the softmax probabilities from each model are first multiplied by
their respective prior test accuracy (TA) scores. Weighted probabilities are normalized by dividing each by
the sum of all TA scores. The class corresponding to the highest normalized probability is then assigned as
the final label for each instance.

4 Results and Discussion

4.1 Experimental Setup
The proportion of the train to the test dataset was 80:20 for model evaluation. All the experiments

were done in Google Colab with Python version 3.12.12. We have used the following versions of key
Python libraries for experimentation: Python 3.12.13, Pandas 2.2.2, NumPy 2.0.2, Scikit-learn 1.6.1, XGBoost
3.2.0, LightGBM 4.6.0, and SHAP 0.51.0. Table 3 shows the experimental setup, including the optimized
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hyperparameters using the proposed AIW-GTO algorithm and the selected hyperparameter values for
our experiments.

Table 3: Optimized hyperparameters using proposed AIW-GTO.

Model Optimized Hyperparameters Optimized Value

Random Forest
n_estimators 274
max_depth 13

min_samples_split 6

XGBoost

learning_rate 0.2650
max_depth 3

n_estimators 85
eval_metric logloss

LightGBM

learning_rate 0.1266
num_leaves 34
n_estimators 226

verbose −1

MLP Classifier

hidden_layer_sizes 112
alpha 0.0005

learning_rate_init 0.0296
max_iter 500

Support Vector Machine
C 1.5252

gamma 0.3128
probability true

4.2 Impact of Class Balancing
Table 4 presents a performance evaluation of various machine learning models on the original and

modified datasets with different class balancing strategies. Random Forest performs best with ADASYN
(90.48%) and Tomek Links (90.22%). XGBoost achieves its highest accuracy with ADASYN (92.93%), while
LightGBM reaches peak accuracy with SMOTETomek (92.93%). For a neural network-based model, the MLP
classifier excels with SMOTETomek (92.38%), and Support Vector Machines perform best with ADASYN
(92.38%). XGBoost and LightGBM outperform all other models, demonstrating their superior reliability
in early CVD prediction when appropriate class balancing strategies are applied. Collectively, these results
emphasize how carefully selected resampling strategies substantially enhance the outcome of ML models on
imbalanced datasets. Fig. 4 illustrates the results before and after the execution of class balancing methods.

Table 4: Impact of class balancing strategies on the outcome of baseline models.

Model Approach Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Random Forest

Without Preprocessing 87.59 88.61 86.59 88.60
SMOTE 88.04 88.79 90.48 89.62

SMOTETomek 87.50 87.96 90.48 89.20
ADASYN 90.48 89.20 90.22 91.43

(Continued)
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Table 4 (continued)

Model Approach Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Tomek Links 90.22 91.43 89.13 90.48
SMOTEENN 89.13 90.48 88.04 89.52

XGBoost

Without Preprocessing 86.67 87.67 86.70 88.67
SMOTE 90.22 90.22 91.43 91.43

SMOTETomek 89.67 89.81 92.38 91.08
ADASYN 92.93 91.82 96.19 93.95

Tomek Links 88.59 90.38 89.52 89.95
SMOTEENN 88.59 89.62 90.48 90.05

LightGBM

Without Preprocessing 87.22 88.22 86.22 88.22
SMOTE 90.22 89.91 93.33 91.59

SMOTETomek 92.93 91.07 97.14 94.01
ADASYN 90.22 89.91 93.33 91.59

Tomek Links 89.13 90.48 90.48 90.48
SMOTEENN 86.96 87.85 89.52 88.68

MLP Classifier

Without Preprocessing 88.58 91.17 88.57 89.85
SMOTE 90.22 90.65 92.38 91.51

SMOTETomek 92.38 91.08 88.04 89.52
ADASYN 87.50 91.84 85.71 88.67

Tomek Links 90.22 93.94 88.57 91.18
SMOTEENN 90.22 89.91 93.33 91.59

SVM

Without Preprocessing 86.13 88.28 87.13 88.16
SMOTE 90.76 90.74 93.33 92.02

SMOTETomek 89.67 89.81 92.38 91.08
ADASYN 92.38 91.08 88.04 89.52

Tomek Links 89.13 89.72 91.43 90.57
SMOTEENN 88.59 87.50 93.33 90.32
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Figure 4: Illustration of performance improvement before and after applying the class balancing techniques.

The observed performance differences among various class balancing strategies can be explained by the
fact that they have different interactions with the learning mechanism of the models. Random Forest showed
better results on ADASYN and Tomek Links. ADASYN produces synthetic minority samples around the
decision boundaries that improve the model to find rare cases of CVD, and Tomek Links eliminates noisy
and marginal cases and produces cleaner decision boundaries.

On the contrary, XGBoost was most effective when using ADASYN since this method aims at generating
synthetic samples where misclassification is more probable. MLP classifiers and LightGBM demonstrated
the best results using SMOTETomek. When used together with synthetic sample generation (SMOTE) and
noise removal (Tomek Links), SMOTETomek generates a cleaner and more balanced dataset, which results in
significant changes in accuracy and recall. SVM models performed better with ADASYN, which is capable of
filling sparse areas around the decision boundaries. This enabled the SVM to create a more distinct separation
between classes, which leads to increased classification accuracy.

Overall, the efficacy of each method of balancing depends heavily on the extent to which it complements
the underlying learning processes of that particular model. Although ADASYN was particularly useful with
XGBoost and SVM, SMOTETomek performed optimally with LightGBM and MLP classifiers.

4.3 Impact of AIW-GTO Optimization
The comparative performance of manual hyperparameter selection, classical GTO, and the proposed

AIW-GTO optimization strategy is presented in Table 5. In manual optimization, the parameters of the
baseline model are optimized, and the accuracy of the baseline model is then used as the weight of the
ensemble models. A similar process is applied to the classical GTO and AIW-GTO methods, where their
hyperparameters are optimized before their accuracy is considered as weights.
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Table 5: Impact of the proposed AIW-GTO optimizer on model performance.

Method Cardiovascular Disease No Cardiovascular Disease Accuracy
P R F P R F

Manual Hyperparameter Selection

Random Forest 91.43 90.48 90.95 89.20 90.22 89.71 90.48
XGBoost 91.82 96.19 93.95 94.59 88.61 91.50 92.93

LightGBM 91.07 97.14 94.01 95.83 87.34 91.39 92.93
MLP Classifier 92.31 91.43 91.87 91.08 88.04 89.52 92.38

SVM 91.08 94.03 92.52 89.81 92.38 91.08 92.38
Random Forest + XGBoost 91.50 93.33 92.41 90.91 88.61 89.74 91.30

Random Forest + LightGBM 91.20 94.29 92.72 92.00 87.97 89.94 91.58
Random Forest +MLP Classifier 90.57 91.43 91.00 88.46 87.34 87.90 89.67

Random Forest + SVM 90.65 92.38 91.51 89.61 87.34 88.46 90.22
LightGBM + XGBoost 91.89 97.14 94.44 95.89 88.61 92.11 93.48

LightGBM +MLP Classifier 89.72 91.43 90.57 88.31 86.08 87.18 89.13
LightGBM + SVM 90.83 94.29 92.52 92.00 87.34 89.61 91.30

XGBoost +MLP Classifier 92.23 90.48 91.35 87.65 89.87 88.75 90.22
XGBoost + SVM 92.38 92.38 92.38 89.87 89.87 89.87 91.30

MLP Classifier + SVM 90.57 91.43 91.00 88.46 87.34 87.90 89.67

Hyperparameter Optimization Using Classical GTO

Random Forest 90.20 90.48 91.14 91.80 89.90 90.84 91.30
XGBoost 92.60 94.40 93.4 94.00 92.20 93.00 93.48

LightGBM 92.60 94.40 93.49 94.00 92.20 93.09 93.48
MLP Classifier 91.90 93.80 92.84 93.50 91.60 92.54 92.93

SVM 91.40 93.50 92.44 93.20 91.00 92.09 92.39
Random Forest + XGBoost 91.50 93.60 92.54 93.30 91.10 92.19 92.39

Random Forest + LightGBM 91.50 93.60 92.54 93.30 91.10 92.19 92.39
Random Forest +MLP Classifier 91.10 93.00 92.04 92.80 90.50 91.64 92.10

Random Forest + SVM 90.90 92.80 91.84 92.50 90.20 91.34 91.85
LightGBM + XGBoost 92.70 94.50 93.59 94.10 92.30 93.19 93.48

LightGBM +MLP Classifier 92.10 93.90 92.99 93.60 91.70 92.64 93.10
LightGBM + SVM 91.90 93.80 92.84 93.50 91.60 92.54 92.93

XGBoost +MLP Classifier 92.10 93.90 92.99 93.60 91.70 92.64 93.10
XGBoost + SVM 91.90 93.80 92.84 93.50 91.60 92.54 92.93

MLP Classifier + SVM 91.60 93.70 92.64 93.40 91.20 92.29 92.65

Hyperparameter Optimization Using Proposed AIW-GTO

Random Forest 90.50 92.50 91.49 92.10 90.00 91.04 91.30
XGBoost 91.00 93.10 92.04 92.70 90.50 91.59 91.85

LightGBM 92.80 94.50 93.64 94.10 92.40 93.24 93.48
MLP Classifier 92.10 94.00 93.04 93.80 91.80 92.79 92.93

SVM 91.50 93.60 92.54 93.30 91.10 92.19 92.39

(Continued)
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Table 5 (continued)

Method Cardiovascular Disease No Cardiovascular Disease Accuracy
P R F P R F

Random Forest + XGBoost 91.80 93.80 92.79 93.50 91.40 92.44 92.65
Random Forest + LightGBM 92.90 94.60 93.74 94.30 92.30 93.29 93.55

Random Forest +MLP Classifier 92.20 94.10 93.14 93.80 91.70 92.74 92.98
Random Forest + SVM 91.60 93.70 92.64 93.40 91.20 92.29 92.50
LightGBM + XGBoost 93.50 95.00 94.24 94.60 93.00 93.79 94.02

LightGBM +MLP Classifier 93.10 94.80 93.94 94.50 92.50 93.49 93.75
LightGBM + SVM 93.00 94.70 93.84 94.40 92.40 93.39 93.68

XGBoost +MLP Classifier 92.40 94.30 93.34 94.10 91.90 92.99 93.20
XGBoost + SVM 92.30 94.20 93.24 93.90 91.70 92.79 93.05

MLP Classifier + SVM 92.35 94.25 93.29 94.00 91.80 92.89 93.10

The results show that classical GTO outperforms manual tuning across most classifiers and ensemble
configurations. For example, the accuracy of the Random Forest improved from 90.48% using the manual
tuning to 91.30% using classical GTO, and XGBoost improved from 92.93% to 93.48%. Comparable
improvements are also found for F1-scores and recall values for models, which reveal the ability of GTO
to better explore the hyperparameter search space and identify more competitive configurations than static
manual selection. Despite these improvements, the performance gains made by classical GTO are moderate
and sometimes inconsistent across models due to the unstable convergence and susceptibility to local optima.

In contrast, the proposed AIW-GTO framework provides more significant and consistent performance
improvements. Notably, the LightGBM + XGBoost ensemble achieves an accuracy of 94.02% with the
improvements of 0.54 and 0.89 percentage over classical GTO and manual tuning, respectively. Similarly,
Random Forest + LightGBM achieves 93.55% accuracy with a gain of 1.16 percentage points over GTO and
1.97 percentage points over manual selection. These results provide evidence that the adaptive inertia-based
optimization can effectively stabilize the convergence process, reduce the premature stagnation, and improve
the global search capability of GTO, which leads to better and balanced classification performance.

4.4 K-Fold cross Validation
To measure the reliability and stability of the proposed model, cross-validation was applied to measure

its performance across different input scenarios. A 5-fold cross-validation was conducted in this work. As
shown in Table 6, the proposed model obtained a mean accuracy of 0.925 with a Standard Deviation of
0.012 across folds which shows its consistent performance. These findings suggest the strong generalization
capability of the model and its possible practical deployment in real-world settings.

4.5 Error Analysis
The confusion matrices of all the optimized baseline classifiers and the proposed weighted ensemble

model are illustrated in Fig. 5. A comparative error analysis shows that the ensemble approach consistently
reduces the number of misclassifications, especially false negative which is clinically the most important in
cardiovascular disease prediction.



18 Comput Mater Contin. 2026;88(3):27

Table 6: Performance evaluation of proposed model using 5-fold cross-validation.

Fold Precision Recall F1-Score Accuracy
Fold 1 0.923 0.930 0.926 0.925
Fold 2 0.915 0.924 0.919 0.918
Fold 3 0.928 0.935 0.931 0.931
Fold 4 0.920 0.926 0.923 0.922
Fold 5 0.925 0.932 0.920 0.928

Mean 0.922 0.929 0.915 0.925
Standard Deviation 0.010 0.014 0.020 0.012

Figure 5: Confusion matrix. (a) Random forest (b) XGBoost (c) LightGBM (d) MLP Classifier (e) SVM (f) Proposed
ensemble model.

Among the baseline models, XGBoost and MLP Classifier show relatively higher false negative rates,
which suggests that there is a tendency for cardiovascular disease patients to be misclassified as normal. Such
errors pose a serious clinical concern as they can be life-threatening due to a delay in necessary medical
intervention. Although SVM, Random Forest, and LightGBM show improved sensitivity but sporadic false
positives and false negatives are still observed, which reflects the limitations involved in using a single learner
even after applying class balancing techniques.

In contrast, the proposed ensemble model achieves the minimum number of false negatives (3 cases,
1.63%) and false positives (8 cases,4.35%), as well as a high true positive rate (102 correctly identified
cardiovascular disease cases, 55.43%). This indicates the proposed weighted ensemble model effectively
learns complementary decision boundaries captured by the base classifiers, resulting in more accurate
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predictions. The decrease in the number of false negatives highlights the power of the model to focus on
clinically significant patterns instead of overfitting on the majority class characteristics.

4.6 Efficiency Analysis
The computational complexity analysis of the baseline and ensemble models is provided in Table 7. For

the baseline models, the number of parameters is defined as the total count of trainable parameters in the
model. For the ensemble models, the number of parameters is the sum of the parameters from each base
model. Therefore, the reported parameter count for the ensemble model represents the cumulative sum of
the parameters from all its constituent base models.

Table 7: Analysis of model performance and computational efficiency.

Model
Training

Time
(Min)

Inference
Time
(ms)

Parameter
Count

(thousand)

Model
Size

(Mb)

Error
Rate (%)

GPU
Memory

Usage
(Gb)

Random Forest 0.0143 15.7202 21.4500 1.6670 8.7000 0
XGBoost 0.0048 2.0542 6.3000 0.1764 8.1500 0

LightGBM 0.0015 1.9949 3.1000 0.3183 6.5200 0
MLP Classifier 0.0918 0.2863 1.3010 0.0648 7.0700 0

SVM 0.0019 0.4540 3.6190 0.0351 7.6100 0
Random Forest + XGBoost 0.0191 17.7744 27.7500 1.8434 7.3500 0

Random Forest + LightGBM 0.0158 17.7151 24.5500 1.9854 7.4500 0
Random Forest +MLP Classifier 0.1061 16.0065 22.7510 1.7319 7.0200 0

Random Forest + SVM 0.0163 16.1743 25.0690 1.7021 7.5000 0
LightGBM + XGBoost 0.0063 4.0491 9.4000 0.4947 5.9800 0

LightGBM +MLP Classifier 0.0932 2.2812 4.4010 0.3831 6.2500 0
LightGBM + SVM 0.0034 2.4489 6.7190 0.3534 6.3200 0

XGBoost +MLP Classifier 0.0966 2.3405 7.6010 0.2412 6.8000 0
XGBoost + SVM 0.0067 2.5082 9.9190 0.2115 6.9500 0

MLP Classifier + SVM 0.0937 0.7403 4.9200 0.0999 6.9000 0

The analysis indicates that ensemble models tend to have minimal increased training time, inference
latency, and model size due to a larger number of parameters. Nevertheless, these moderately heavier models
are often realized with lower error rates and with more stable performance, which makes them preferable
for medical applications where reliability outweighs the deployment constraints. The ensemble of LightGBM
+ XGBoost achieves the lowest error rate (5.98%) with moderate computational cost, which shows a great
balance between accuracy and efficiency.

While all evaluated models report zero GPU memory usage, this outcome is expected given the
experimental setup, considering the dataset size and the lightweight baseline models used. In the case of
the real-time large hospital database, we expect certain scaling up of model size, training time, parameters,
and the use of GPUs. Even though the computational requirements will increase in such a large-scale
environment, in the present and realistic real-life conditions, our proposed model is very reliable and
computationally efficient.
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4.7 Explainability
While the proposed approach offers high predictive accuracy, ML models in clinical applications require

transparency and interpretability. Explainability ensures that predictions are guided by important features,
rather than by random factors. We employed LIME and SHAP to assess the impact of different attributes on
the model’s outputs.

4.7.1 Model Interpretability Using SHAP
The explainability through SHAP in Fig. 6a provides a clear understanding of the effects of various

attributes on the cardiovascular disease prediction model. ST_Slope_Flat has the strongest impact among all
the variables, significantly contributing to the model outcome. This is followed by Oldpeak, Sex, Exercise,
Angina, and ChestPainType features that reveal that Electrocardiogram (ECG) patterns and body exercise
symptoms play vital roles in the model decisions. The SHAP summary plot in Fig. 6b indicates that higher
Oldpeak values and exercise-induced angina increase the likelihood of cardiovascular disease predictions,
while favorable ST_Slopes and lower Oldpeak values lead to negative contributions. Variables such as Age,
Cholesterol, and FastingBS show moderate influence on the model output.

Figure 6: Explainability analysis using SHAP (a) SHAP summary plot. (b) Global SHAP feature importance.

4.7.2 Model Interpretability Using LIME
The LIME analysis shown in Fig. 7 offers a clear instance-level explanation for a patient correctly

predicted as having cardiovascular disease. Several features display pronounced positive contributions to this
prediction, such as Oldpeak, ChestPainType_NAP, ChestPainType_ATA, Sex, and elevated FastingBS, which
indicates that chest pain characteristics, exercise-related ST depression, and metabolic factors contribute
to a pivotal role in driving the decision towards cardiac disease. In contrast, a limited number of features,
such as ST_Slope_Flat, ST_Slope_Up and no ExerciseAngina, have a negative effect on the outcome, by
decreasing the predicted risk. However, their impact remains comparatively small and insufficient to offset
the dominant risk-associated features. The balanced visualization of the positive and negative contributions
is a way to show how the model integrates competing clinical signals at the individual level. This patient-level
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explanation is consistent with known cardiovascular risk factors and shows that the model’s predictions are
still interpretable and meaningful from a clinical standpoint.

Figure 7: Explainability analysis using LIME.

4.7.3 Analysis of Model Interpretability
The outputs from both LIME in Figs. 6 and 7 provide consistent insights into the feature importance for

predicting cardiovascular disease, which reinforces the reliability of the model’s explanations. SHAP’s global
feature importance analysis highlights ST_Slope_Flat, Oldpeak, and ExerciseAngina as critical features
influencing model predictions, aligning with LIME’s local explanation for an individual high-risk patient,
where Oldpeak and ST_Slope_Flat have notable contributions to the prediction of cardiovascular disease.
In particular, both methods emphasize the importance of Cholesterol and ExerciseAngina which confirms
that these features play a significant role in predicting cardiovascular disease across different instances.
The alignment between the two approaches demonstrates the stability and trustworthiness of the model’s
reasoning process, which enhances trust in its clinical interpretability.

According to guidelines from the American Heart Association and American College of Cardiology2,
exercise electrocardiography (ECG) remains a fundamental tool for detecting myocardial ischemia where
ST-segment abnormalities play a central diagnostic role. Specifically, these guidelines highlight that hori-
zontal or downsloping ST-segment depression during exercise testing is strongly associated with myocardial
ischemia, while the magnitude of ST depression (commonly quantified as Oldpeak) correlates with the
severity and extent of coronary artery disease. Furthermore, greater ST depression values are linked to a
higher likelihood of significant coronary obstruction and adverse cardiac outcomes [40].

The alignment between the model’s feature importance and these established diagnostic criteria suggests
that the proposed approach captures medically meaningful patterns rather than spurious correlations, which
enhances its reliability and potential applicability for early cardiovascular disease detection.

4.8 Ablation Study
An ablation study was carried out to examine the robustness of the model in Table 8 by sequentially

removing three clinically important features, such as ST_Slope_Flat, Oldpeak, and ExerciseAngina, in order
to investigate the early diagnosis of CVD with incomplete patient information. Across all models, there is a

2https://www.acc.org/about-acc/press-releases/2025/02/28/17/51/acc-aha-issue-new-acute-coronary-syndromes-guideline

https://www.acc.org/about-acc/press-releases/2025/02/28/17/51/acc-aha-issue-new-acute-coronary-syndromes-guideline
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slight drop in performance after feature removal, but it is not significant. Importantly, the proposed model
is able to demonstrate competitive performance consistently, which is an indication of its ability to handle
missing clinical features more effectively than individual machine learning models.

Table 8: Performance after removing key parameters.

Removed Parameter Model Acc. (%) Precision (%) Recall (%) F1-score (%)

ST_Slope_Flat

Random Forest (RF) 84.24 86.87 84.31 85.57
Light Gradient Boosting

Machine (LGBM) 86.41 87.38 88.24 87.80

XGBoost 85.87 87.00 86.27 87.13
Support Vector Machine (SVM) 80.43 84.38 79.41 81.82
Multi-Layer Perceptron (MLP) 84.24 86.87 84.31 85.57

Proposed Ensemble
Framework 85.89 87.45 87.25 87.73

Oldpeak

Random Forest (RF) 84.78 88.54 83.33 85.86
Light Gradient Boosting

Machine (LGBM) 84.24 85.44 86.27 85.85

XGBoost 82.07 84.16 83.33 83.74
Support Vector Machine (SVM) 82.07 85.57 81.37 83.42
Multi-Layer Perceptron (MLP) 82.07 82.86 85.29 84.06

Proposed Ensemble
Framework 84.88 85.44 86.27 85.85

ExerciseAngina

Random Forest (RF) 84.78 87.76 84.31 86.00
Light Gradient Boosting

Machine (LGBM) 85.33 87.13 86.27 86.70

XGBoost 84.78 87.76 84.31 86.00
Support Vector Machine (SVM) 83.70 87.50 82.35 84.85
Multi-Layer Perceptron (MLP) 84.24 85.44 86.27 85.85

Proposed Ensemble
Framework 85.87 87.76 87.25 87.25

The proposed model attains an accuracy of 85.89% with the exclusion of ST_Slope_Flat, which is higher
than RF (84.24%), XGBoost (85.87%), and LGBM (86.41%). The same pattern is noticed on the removal
of Oldpeak, where the ensemble scores 84.88% accuracy and F1-score of 85.85%, which is higher than RF
(84.78%), XGBoost (82.07%), and MLP (82.07%). On the other hand, the deletion of ExerciseAngina leads to
very little variation, with the proposed model having about 85.87% accuracy. Overall, these results show that,
even though there are some small effects on the predictive performance of the results due to the absence of
essential attributes, the proposed model is highly consistent and balanced performer under all circumstances.

4.9 Comparison of Existing Studies
Although substantial advancements have been made, the early identification of cardiovascular disease

still has opportunities for further improvement. This study reviews several existing strategies previously
conducted for early cardiovascular disease detection. In order to ensure fair comparison, we employed the
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best-performing models in the previous research in our dataset and compared the outcomes. This approach
ensures a fairer and more consistent comparison. Meanwhile, we have retained the originally reported
findings for studies that used datasets similar to ours. The comparative test accuracies of these methods are
demonstrated in Table 9, showing that the proposed model attains state-of-the-art (SOTA) performance for
the identification task.

Table 9: Comparison with related studies.

Paper Data Source No. of
Samples Explored Models Best Model Accuracy XAI

Used

[41] UCI Cleveland 303 Hybrid DSS,
SMOTE, RF

Random
Forest 90.48% No

[42] UCI Repository 270 SVM, LR, GBM,
DT, RF SVM 92.38% No

[43]
Cleveland

Clinic
Foundation

297 Decision Tree
(C4.5)

Decision
Tree (C4.5) 85.82% No

[44] UCI Heart
Disease Dataset 918 DT, KNN, SVM,

XGB SVM 88.80% No

[21] UCI Heart
Disease Dataset 918 LR, DT, RF, KNN,

MLP
Random

Forest 92.00% No

Proposed
Model

UCI Heart
Disease
Dataset

918

RF, XGB, LGBM,
SVC (Support

Vector Classifier),
MLP

AIW-GTO
optimized

(XGBoost +
LightGBM)

94.02% Yes

5 Conclusion and Future Work
This study presents an explainable Machine Learning framework for early CVD detection by addressing

key research gaps in data preprocessing, model optimization, class imbalance, and interpretability. We
evaluated several class balancing strategies, including SMOTE, SMOTE-Tomek, ADASYN, Tomek Links,
SMOTE-ENN, and proposed AIW-GTO, a modified Gorilla Troops Optimizer with adaptive inertia for
stable convergence and optimal hyperparameter selection. On the UCI heart disease dataset, AIW-GTO-
optimized LightGBM and XGBoost achieved 93.48% and 91.85% accuracy while their weighted ensemble
reached 94.02% with low false negatives (1.63%) and false positives (4.35%). Computational and sensitivity
analyses further confirmed deployment feasibility and robustness to incomplete data. LIME and SHAP
analyses highlighted ECG features, ST-segment slope, and Oldpeak as top predictors of CVD, enabling
clinical trust and early interventions.

Even though the UCI Heart Disease dataset is a well-established benchmark that has been extensively
used in prior studies, its smaller size can pose a possible overfitting risk when training complex ensemble
models with metaheuristic optimizers. Future research may aim at creating larger, multi-regional, and more
representative datasets to improve the prediction of early cardiovascular disease.

Moreover, limitations include the use of one dataset, which may not represent the diversity of the global
population. A single-source dataset may be characterized by certain regional or demographic attributes that
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are not necessarily applicable to other groups of people. Integrating multi-region data is important because
it allows the model to identify fluctuations in genetic, environmental, and socio-economic data, which can
lead to stronger and generalized predictions. This is particularly important in clinical settings where disease
patterns and treatment responses vary across populations. Furthermore, real-time clinical validation is still
missing. The future research will be to extend the evaluations to different populations and the real-time
clinical validation to confirm the effectiveness of the model in clinical practice.
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