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Cardiovascular disease prediction remains a critical research area owing to the complexity 

and variability of clinical data. This study proposed a hybrid framework that integrates a 

Dynamic Improved Owl Search Algorithm (D-IOSA) for adaptive feature optimization with 

a Cross-Fusion Attention Network (CF-A-Net) for accurate and interpretable classification. 

The D-IOSA component dynamically regulated the exploration and exploitation phases to 

identify informative risk indicators while reducing data redundancy. The CF-A-Net 

employed a multi-branch feature interaction and attention-fusion mechanism to capture 

nonlinear associations among clinical attributes. The proposed model was evaluated on the 

Cleveland and Framingham heart disease datasets with a stratified validation strategy. The 

results demonstrated that the hybrid system consistently outperformed traditional machine 

learning, ensemble, and attention-based deep learning approaches in terms of predictive 

accuracy, robustness, and interpretability. The findings highlight the potential of the 

proposed approach in enabling reliable and resource-efficient cardiovascular risk 

assessment in real-world healthcare applications. 

Keywords: 

heart disease prediction, Dynamic Improved 

Owl Search Algorithm, Cross-Fusion 

Attention Network, meta-heuristic 

optimization, attention models, explainable 

AI, hybrid learning 

1. INTRODUCTION

Cardiovascular diseases (CVDs) remain the leading cause 

of preventable mortality worldwide, exerting immense 

pressure on healthcare systems and national economies [1]. 

Although diagnostic technologies have advanced rapidly, 

many established procedures, such as angiography and high-

resolution imaging, are invasive, costly, and often applied only 

after clinical symptoms become apparent. Early identification 

of individuals at risk remains a formidable challenge because 

the manifestation of heart disease depends on complex and 

interacting demographic, behavioral, and physiological factors 

[2]. 

The growing availability of clinical data has encouraged the 

use of computational intelligence for preventive screening and 

risk assessment. Machine learning and statistical models have 

demonstrated that routinely collected parameters can be 

transformed into predictive indicators of cardiovascular health 

[3, 4]. However, conventional algorithms frequently assume 

linear or independent relationships between features and 

outcomes. This assumption limits their effectiveness when the 

data are heterogeneous or contain redundant and nonlinear 

dependencies [5, 6]. Their performance typically deteriorates 

on high-dimensional datasets where the number of clinical 

attributes exceeds the number of patient samples [5]. 

Deep learning architectures have addressed some of these 

limitations by automatically extracting hierarchical 

representations from raw medical data [7]. Convolutional and 

recurrent networks have achieved notable success in 

cardiovascular diagnostics, such as arrhythmia classification 

and risk-factor prediction [8]. However, these architectures are 

primarily suited for imaging or sequential biomedical signals 

(e.g., ECG) and do not directly model static tabular clinical 

datasets such as the Cleveland or Framingham heart disease 

datasets, where feature ordering has no temporal meaning. 

Nevertheless, their deployment in tabular clinical domains 

presents additional challenges in practice. Deep models are 

computationally demanding, sensitive to overfitting, and often 

rely on features of limited clinical relevance without reliable 

feature-selection strategies. Furthermore, the opaque decision 

boundaries of deep learning architectures hinder 

interpretability and may discourage clinical adoption. 

To enhance generalization and feature relevance, 

researchers have increasingly combined predictive models 

with meta-heuristic optimization [9]. Algorithms inspired by 

natural behaviors such as swarm intelligence, evolutionary 

learning, and predator-prey dynamics have been applied to 

select informative feature subsets and avoid local minima [10, 

11]. Nevertheless, these methods can still converge 

prematurely or become inefficient in large search spaces. 

Simultaneously, practical implementation concerns persist: 

heavy models are unsuitable for real-time or edge deployment, 
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particularly in community-level health-monitoring systems 

where computational and energy resources are limited. 

These limitations emphasize the need for an integrated 

framework that selects clinically meaningful features, learns 

complex relationships with high predictive accuracy, 

maintains interpretability for decision support, and operates 

efficiently on modest hardware. Recent studies have shown 

that attention-based and transformer-inspired models are more 

suitable for structured/tabular healthcare data, as they capture 

cross-feature interactions without assuming temporal 

dependencies among attributes. In response, this study 

proposed a hybrid solution that combines a Dynamic 

Improved Owl Search Algorithm (D-IOSA) for adaptive 

feature optimization with a Cross-Fusion Attention Network 

(CF-A-Net) designed to model nonlinear dependencies and 

highlight influential risk factors. The CF-A-Net employs 

feature-interaction and attention-fusion mechanisms instead of 

recurrent units, ensuring stable learning over tabular clinical 

records. The approach was evaluated on two widely 

recognized cardiovascular datasets, namely the Cleveland and 

Framingham heart disease datasets, to demonstrate its 

robustness and potential for generalization across diverse 

populations. 

The remainder of this paper is organized as follows: Section 

2 reviews related research in computational cardiovascular 

risk prediction. Section 3 details the proposed methodology, 

including the D-IOSA optimization and CF-A-Net network 

design. Section 4 presents the experimental evaluation, 

comparative results, and deployment analysis. Section 5 

concludes the paper and discusses future research directions. 

2. RELATED WORK

Numerous computational methods have been applied to 

CVD prediction over the past decade [1, 12]. Conventional 

machine-learning methods such as Logistic Regression (LR) 

[10, 13], Support Vector Machines (SVMs) [14, 15], Random 

Forest (RF) [16, 17], and Decision Trees (DTs) [18, 19] remain 

widely used for modeling structured clinical records. As 

reported by Latha and Geeva [20], these algorithms 

demonstrated the potential of data-driven decision support, but 

their performance depends strongly on handcrafted feature 

engineering and parameter tuning. These conventional 

learners typically presume linear or weakly coupled 

relationships between input variables, which limit their 

capacity to model the intricate nonlinear dependencies 

observed in cardiovascular data [6, 21]. 

More recent studies have shifted attention toward ensemble-

based and deep-learning frameworks aimed at boosting 

diagnostic precision [20]. Ensemble models such as Gradient 

Boosting [22] and XGBoost [23, 24] combine multiple weak 

learners to enhance robustness and generalization. Ganie et al. 

[25] further incorporated explainable ensemble mechanisms

using SHAP-based visual attribution to enhance clinician trust

in CVD prediction. However, as noted by Almazroi et al. [26],

ensemble mechanisms alone struggle to model highly

nonlinear dependencies and often compromise interpretability.

Deep learning models, including Convolutional Neural

Networks (CNNs) [27] and Recurrent Neural Networks

(RNNs) [28], have been effectively applied to ECG analysis,

medical imaging, and patient-record classification. These

architectures perform well on sequential or imaging data but

are not directly suited for static tabular datasets such as

Cleveland and Framingham, where feature ordering lacks 

temporal meaning. Recent studies [29-31] demonstrated 

CNN-based and CNN-LSTM architectures for capturing 

spatial–temporal cardiac features, though their performance 

depends on large datasets and high computational resources. 

These networks automatically learn high-level representations 

of risk factors and thereby reduce manual preprocessing. 

However, despite their success, deep architectures remain 

computationally intensive and data-hungry and frequently 

suffer from interpretability issues that limit adoption in clinical 

environments. 

To address these challenges, optimization-based and meta-

heuristic algorithms have been investigated for feature 

selection and model enhancement. Methods such as Particle 

Swarm Optimization (PSO) [15], Genetic Algorithms (GA) 

[32], Grey Wolf Optimizer (GWO) [33], and the Owl Search 

Algorithm (OSA) [34] have demonstrated strong search 

capability in complex parameter spaces. Recent studies [35] 

further enhanced convergence and feature optimization using 

Lévy-flight and owl search–based strategies. Such 

optimization techniques help eliminate redundant inputs and 

enhance classifier robustness, yet many baseline meta-

heuristics continue to suffer from early convergence and poor 

control between exploratory and exploitative phases, 

especially when dealing with high-dimensional or noisy 

clinical data. 

Several studies have enhanced classical metaheuristic 

algorithms to improve optimization performance in medical 

and engineering domains. Jiang et al. [36] proposed an 

adaptive PSO that dynamically adjusts the inertia weight, 

achieving a better balance between exploration and 

exploitation. Hou et al. [37] introduced a nonlinear 

convergence-based GWO, resulting in faster and more 

accurate convergence. Jain et al. [38] developed the OSA, 

which inspired subsequent works such as Alabdulkreem et al. 

[39], where an improved OSA was successfully applied for 

medical feature optimization and disease classification. These 

algorithmic refinements demonstrate strong potential for 

adoption in CVD prediction, where robust feature selection 

and optimized model convergence play critical roles in 

improving diagnostic reliability. 

Recently, attention-based and transformer-inspired 

architectures have emerged as powerful tools for modeling 

structured/tabular health data [40-42]. Models such as 

TabTransformer, FT-Transformer, and other attention-driven 

tabular networks capture cross-feature interactions without 

assuming temporal ordering among attributes, making them 

more suitable than recurrent models for datasets like 

Cleveland and Framingham [43, 44]. These approaches 

improve interpretability and achieve strong predictive 

performance in electronic health records and other structured 

biomedical datasets. 

In parallel, the emergence of attention and transformer-

derived neural models has greatly improved both performance 

and interpretability within medical data analysis. Recent 

surveys, such as Nerella et al. [41], highlighted the growing 

role of transformer architectures in healthcare data analysis, 

where models dynamically adjust feature weighting to 

emphasize the most informative clinical attributes. Attention 

layers dynamically assign higher weights to informative 

attributes while down-weighting less relevant ones, resulting 

in clearer and more transparent clinical reasoning [45]. Hybrid 

learning strategies that integrate meta-heuristic optimization 

with deep-representation models have been introduced to 
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exploit the strengths of both precise search and hierarchical 

feature learning [46]. However, most existing hybrids remain 

static and cannot dynamically adjust search parameters or fuse 

multiple attention pathways to strengthen feature interaction 

learning. 

In view of these limitations, this study explores an adaptive 

hybrid learning direction that combines meta-heuristic feature 

optimization with attention-driven deep architectures to 

achieve both interpretability and computational efficiency. A 

consolidated overview of representative prior works is 

presented in Table 1. 

Table 1. Summary of representative studies in cardiovascular diseases (CVDs) prediction 

Ref. Methodology Dataset Main Strengths Limitations/Gaps 

Latha and Jeeva 

[20] 
Ensemble ML Cleveland 

Enhanced robustness vs. single 

classifiers 

Weak nonlinear learning, 

interpretability concerns 

Almazroi et al. [26] 
Hybrid ensemble 

CDSS 
Mixed Handles missing/noisy data 

Computational overhead, black-

box nature 

Li et al. [29] CNN for ECG CPSC-2018 Learns signal morphology Requires large training signals 

Petmezas et al. [30] CNN-LSTM MIT-BIH Joint spatial-temporal learning 
High training cost, risk of 

overfitting 

Ullah et al. [31] Lightweight CNN ECG Improved portability 
Reduced accuracy in complex 

data 

Jain et al. [35] CNN + Lévy FS MIT-BIH Better escape from local minima No interpretability component 

Ganie et al. [25] XAI-based ensemble Clinical tabular Improves trust 
Heavy models are unsuitable for 

edge devices 

Nerella et al. [41] 
Transformer-based 

model (survey) 

Multiple 

Healthcare 

Datasets 

Strong attention-based feature 

weighting, improved 

interpretability 

High complexity; limited 

scalability 

Fan and Waldmann 

[47] 

Attention-guided 

tabular deep learning 

Genomic 

biomedical data 

Enhances feature-interaction 

learning with attention; highlights 

informative predictors 

Limited to genomic tasks; may 

not transfer directly to CVD data 

Kang et al. [42] 
Transformer-based 

TT-GAN 

Healthcare 

tabular data 

Learns complex attribute patterns 

using attention; suitable for mixed-

type clinical variables 

Focused on data generation, not 

CVD prediction; higher 

processing cost 

Algül et al. [43] 

FT-Transformer, 

TabTransformer, 

SAINT comparison 

Real-world 

tabular datasets 

Consistently strong accuracy and 

generalization across benchmarks 

No evaluation on CVD datasets; 

models require careful tuning 

Although deep learning and meta-heuristic strategies have 

significantly enhanced predictive performance, several 

challenges remain evident from the summarized literature in 

Table 1. Most models rely on a single dataset and thus provide 

an incomplete assessment of robustness and clinical 

generalization. Feature interactions are often underutilized in 

the absence of attention mechanisms capable of emphasizing 

subtle but influential variables. Furthermore, computational 

demands remain high, particularly for architectures intended 

for real-time or edge deployment. Motivated by these gaps, the 

present study introduces an adaptive hybrid framework that 

integrates a D-IOSA for feature optimization with a Residual-

Fusion Attention Ensemble Network (RF-AE-Net) for 

interpretable and efficient CVD prediction. 

3. PROPOSED METHODOLOGY

CVD prediction presents inherent challenges arising from 

heterogeneous clinical variables, missing observations, and 

nonlinear dependencies among risk factors [34]. To address 

these constraints, this study proposed a hybrid framework that 

adaptively selects clinically meaningful attributes and learns 

predictive patterns through an interpretable attention-

enhanced deep architecture. The overall workflow, illustrated 

in Figure 1, integrates feature optimization through the D-

IOSA with deep representation learning using a CF-A-Net. 

This unified design was intended to ensure that model 

decisions remained transparent and computationally efficient 

for real-world healthcare deployment. 

As depicted in Figure 1, the system consolidates raw health 

records from the Cleveland and Framingham cohorts. The 

preprocessing stage included normalization, imputation of 

missing values, and encoding of categorical attributes to create 

a consistent numerical input space. The optimized feature 

subsets identified by D-IOSA were then supplied to the CF-A-

Net, which modeled nonlinear relationships among risk factors 

while quantifying their clinical significance through attention 

mechanisms. The overall workflow is presented in Figure 1. 

Figure 1. Overall workflow of the proposed D-IOSA + CF-

A-Net framework for cardiovascular disease (CVD) 

prediction 

D-IOSA Feature Selection

Data Preprocessing 

Clinical Data 

CF-A-Net Model 

Prediction + FIA 

Edge-AI Deployment 
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3.1 Data preprocessing 

 

Clinical datasets frequently contain missing entries due to 

logistical delays in testing or incomplete diagnostic histories. 

If left unaddressed, such gaps may cause predictive models to 

learn spurious or biased associations. To minimize this bias, 

missing continuous values were imputed using k-nearest 

neighbor (kNN) estimation computed only on the training 

data, thereby preventing information leakage during 

evaluation [34]. Categorical clinical attributes were encoded 

using one-hot encoding, and class imbalance was addressed 

using the Synthetic Minority Oversampling Technique 

(SMOTE) applied only to the training set after an 80:20 train–

test split to ensure unbiased evaluation. Clinical variables also 

differ widely in range and measurement units; for instance, age 

is measured in years, whereas serum cholesterol is expressed 

in mg/dL, which can distort gradient updates in neural training. 

Min–Max normalization was applied to ensure that all clinical 

features lay within a uniform range of [0, 1], thereby 

stabilizing optimization and accelerating model convergence. 

Each continuous variable x was normalized using Min–Max 

scaling as: 

 

𝑥′ =
𝑥 − min⁡(𝑥)

max(𝑥) − min⁡(𝑥)
 (1) 

 

This transformation ensured equal contribution of features 

during model learning and improved numerical stability. In 

addition, z-score filtering was applied to detect extreme 

outliers while retaining medically relevant deviations such as 

abnormally high resting blood pressure, which served as 

critical indicators in cardiac risk assessment. 

To address class imbalance, particularly in the Framingham 

dataset, the SMOTE was applied on the training folds to 

generate synthetic minority samples [34]. This balancing step 

enhanced classifier robustness and ensured that both risk and 

non-risk classes were adequately represented during model 

optimization. After these preprocessing operations, the dataset 

formed a balanced, standardized, and clinically representative 

input space suitable for subsequent feature optimization using 

D-IOSA. 

 

3.2 Feature optimization using D-IOSA 

 

Not all medical attributes contribute equally to disease 

diagnosis; redundant, noisy, or weakly correlated variables can 

degrade model generalization [48]. Hence, the proposed D-

IOSA performed feature optimization using enhanced search 

dynamics designed to balance exploration and exploitation. 

The algorithm was inspired by owls’ hunting, using adaptive 

loudness and target-focused motion for balanced search. 

Each candidate feature subset was represented as a binary 

vector 𝑥𝑖 ∈ {0,1}𝑛, where a value of 1 indicates inclusion of 

the jth feature and 0 its exclusion. To promote exploration in 

the early stages, when risk-factor relationships remain 

uncertain, the candidate’s orientation was updated according 

to [34]: 

 

𝜃𝑖
𝑡+1 = 𝜃𝑖

𝑡 + 𝛼(𝑟 − 0.5), 𝑟~𝑈(0,1)  (2) 

 

Here, i modeled a search direction relative to feature 

interactions while α controlled adaptive angular drift to 

prevent premature focus on spurious local correlations. 

As learning progressed, the algorithm shifted toward 

exploiting clinically promising feature sets. This is achieved 

using a time-varying weight: 

 

𝜔(𝑡) = 𝜔𝑚𝑎𝑥 =
(𝜔𝑚𝑎𝑥 − 𝜔min⁡)𝑡

𝑡𝑚𝑎𝑥

 (3) 

 

Initially, higher ω(t) encouraged broader investigation of 

potential indicators such as resting ECG and fasting blood 

sugar; later, lower 𝜔(𝑡) enabled fine-grained refinement 

around strong predictors such as chest pain characteristics. 

Candidates were attracted toward the best-performing 

medical subset discovered so far: 

 

𝑋𝑖
𝑡+1 = 𝑋𝑖

𝑡 +𝜔(𝑡)sin⁡(𝜃𝑖
𝑡+1)(𝑋𝑏𝑒𝑠𝑡

𝑡 − 𝑋𝑖
𝑡) (4) 

 

The sine term avoided monotonic convergence by 

periodically altering search orientation, mirroring the clinical 

diagnostic process where hypotheses were revised as new 

evidence emerged. 

CVD data frequently contain local optima combinations that 

appear predictive in a particular dataset fold but fail across 

populations. To escape stagnation, a Gaussian perturbation 

performed controlled redirection: 

 

𝑋𝑖
𝑡+1 = 𝑋𝑏𝑒𝑠𝑡

𝑡 + 𝛽𝜀, 𝜀~𝑁(0,1)  (5) 

 

This mechanism helped discover subtle risk interactions 

overlooked by deterministic search. 

Finally, to ensure the trade-off between clinical 

performance and diagnostic burden, the following fitness 

objective was minimized: 

 

𝐹(𝑥) = 𝜆(1 − 𝐴𝑐𝑐(𝑆)) + (1 − 𝜆)
⌊𝑆⌋

𝑛
 (6) 

 

where, 

• Acc(S): validation accuracy using subset S 

• ∣ 𝑆 ∣: number of selected features 

• λ weight emphasizing predictive accuracy (set to 0.8) 

This ensured high predictive quality using fewer clinical 

examinations, reducing costs and patient discomfort. 

 

Pseudocode: D-IOSA Feature Selection Process 

Initialize owl population {Xi} randomly 

repeat 

    Evaluate fitness using Eq. (6) 

    Update reference best solution X_best 

    Adapt orientation using Eq. (2) 

    Adjust exploration using Eq. (3) 

    Refine candidate subset via Eq. (4) 

    If stagnant: apply escape mechanism (5) 

until convergence criteria are met 

Return S* = selected optimal clinical subset 

 

3.3 CF-A-Net 

 

The features selected by D-IOSA were embedded into a 

latent space where interactions among clinical attributes 

became learnable. To preserve both low-level and high-level 

diagnostic cues, the data flowed through two parallel paths: a 

Feedforward Dense Block that captured nonlinear feature 

combinations and a Cross-Fusion Attention Block that 

modeled cross-feature interactions without requiring 

sequential structure. Their outputs were merged using a cross-
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fusion residual block, which mitigated gradient attenuation 

and retained complementary risk evidence. This compact 

hybrid design enhanced learning capacity while remaining 

suitable for medical devices and other resource-constrained 

settings. Figure 2 shows the overall CF-A-Net architecture. 

Figure 2. Conceptual architecture of the proposed CF-A-Net 

As shown in Figure 2, the dual-path architecture of CF-A-

Net enabled complementary representation learning. The 

Feedforward Dense Block captured nonlinear associations 

among static clinical attributes, while the Cross-Fusion 

Attention Block emphasized feature-to-feature dependencies 

without relying on temporal ordering. Their outputs, combined 

through the residual fusion mechanism [49], formed a unified 

latent representation that integrated both feature-level 

diversity and cross-feature relevance. This fused embedding 

was subsequently refined by the Feature-Importance Attention 

(FIA) layer, which adaptively highlighted the most influential 

risk factors before final classification. 

3.4 FIA 

The FIA module quantified the contribution of each clinical 

attribute to the final prediction, allowing the model to 

highlight risk factors and suppress irrelevant variables. 

For an embedded representation h, learnable matrices WQ, 

WK, WV were used to derive the query, key, and value vectors 

as [50]: 

𝑄 = ℎ𝑊𝑞 , 𝐾 = ℎ𝑊𝐾 , 𝑉 = ℎ𝑊𝑉 (7) 

To compute pairwise relevance, a similarity measure was 

used to determine how strongly one clinical factor relates to 

others: 

𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) (8) 

Multiplying by values yields refined risk-encoded 

representations: 

𝐴𝑡𝑡𝑛(ℎ) = 𝐴𝑉 (9) 

A residual fusion balanced the original and emphasized 

information: 

𝑍 = 𝛾ℎ + (1 − 𝛾)𝐴𝑡𝑡𝑛(ℎ),⁡⁡⁡⁡0 ≤ 𝛾 ≤ 1 (10) 

Here, γ controlled how strongly the attention mechanism 

modified diagnostic cues. When γ was close to 1, the network 

relied more on the original features; lower values allowed the 

attention module to emphasize influential risk variables more 

aggressively. 

Through this adaptive weighting, FIA highlighted clinically 

significant patterns—such as abnormal resting blood pressure 

or elevated cholesterol—while suppressing redundant or noisy 

attributes. This yielded interpretable feature contributions for 

every prediction, strengthening confidence in the model’s 

diagnostic behavior. 

Pseudocode: CF-A-Net Learning & Inference 

Initialize network parameters 

repeat 

    Forward pass through dual paths and FIA 

    Compute classification loss 

    Update weights via backpropagation 

until validation stabilization 

Predict the probability of CVD and derive feature-

importance attention outputs. 

3.5 Deployment and computational efficiency 

The proposed CF-A-Net model was designed with 

computational efficiency to enable practical deployment in 

clinical and portable diagnostic systems. Unlike heavy 

transformer architectures, it employed compact feedforward 

and attention-based paths with residual shortcuts to minimize 

parameters and computation. The D-IOSA further reduced 

input dimensionality by selecting only the most informative 

clinical features, ensuring faster convergence and lower 

memory usage during training. 

During inference, the model performed a single forward 

pass that fused outputs from both learning paths through the 

cross-fusion mechanism and the FIA layer. This modular 

configuration minimized redundant operations, supported 

partial parameter reuse, and enabled low-latency prediction, 

making it suitable for edge-AI healthcare devices. The 

efficient architecture thus formed the basis for the subsequent 

deployment analysis presented in Section 4. 

4. EXPERIMENTAL RESULTS AND DISCUSSION

To evaluate the effectiveness of the proposed hybrid model, 

extensive experiments were conducted on benchmark CVD 

datasets. The experimental analysis aims to assess the 

predictive accuracy, computational efficiency, and 

interpretability of the CF-A-Net framework in comparison 

with traditional machine learning, deep learning, and hybrid 

baselines. Both the Cleveland and Framingham Heart Study 

datasets were utilized to validate generalization across 

heterogeneous clinical cohorts. Standard performance metrics 

such as accuracy, precision, recall, F1-score, and ROC-AUC 

were employed for quantitative evaluation. In addition, 

statistical significance testing and feature-importance 

visualization were performed to substantiate the reliability of 

Input Features (n × 1) 

Embedding Layer 

Path-A 

Feedforward 

Dense Block

Path-B 

Cross-Fusion 

Attention Block

Residual Fusion Block 

Feature-Importanance 

Attention 

(FIA) 

Softmax Classifier 

(Predicted CVD Risk) 
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the results. All experiments were executed using Python 3.9 

and TensorFlow 2.x with Adam (learning rate 0.001), batch 

size 32, and early stopping on an NVIDIA GPU system. The 

following subsections describe the dataset characteristics, 

experimental setup, and comparative performance analysis in 

detail. 

4.1 Dataset description and experimental setup 

The experiments were conducted using two open-access 

CVD datasets: the Cleveland Heart Disease and Framingham 

Heart Study. Both datasets include structured clinical variables 

such as age, sex, resting blood pressure, cholesterol level, 

fasting blood sugar, and chest pain type, along with a binary 

outcome indicating the presence or absence of CVD [51, 52]. 

Missing entries were imputed and continuous features 

normalized as described in Section 3.1 to maintain consistency 

across datasets. 

Because both datasets exhibit moderate class imbalance, 

SMOTE was applied exclusively to the training partition to 

avoid information leakage. This ensured balanced 

representation of positive and negative samples during model 

learning while preserving the original class proportions in 

validation and testing. 

To obtain a reliable and leakage-free estimate of model 

performance, all experiments were conducted using stratified 

5-fold cross-validation instead of a fixed train–validation–test

split.

In each fold, preprocessing operations, including 

imputation, normalization, SMOTE, and feature selection 

using the D-IOSA, were performed strictly on the training 

portion of that fold. The selected features were then used to 

train the CF-A-Net model, ensuring that no information from 

the test fold influenced training or feature selection. 

All experiments were implemented in Python using 

TensorFlow on a workstation equipped with an NVIDIA 

RTX-3060 GPU and 16 GB RAM. Baseline algorithms were 

trained under identical configurations to ensure fair 

comparison. All performance values reported in this study 

represent the mean over stratified 5-fold cross-validation, with 

SMOTE applied only to the training folds to prevent 

information leakage. 

4.2 Performance analysis on the Cleveland dataset 

The first phase of evaluation was carried out on the 

Cleveland Heart Disease dataset, which remains a standard 

benchmark for cardiovascular prediction research. Table 2 

presents the comparative performance of conventional 

machine-learning models, deep-learning architectures, and the 

proposed D-IOSA–driven CF-A-Net. 

Across the reported metrics, CF-A-Net showed improved 

mean accuracy, F1-score, and ROC-AUC under stratified 5-

fold cross-validation compared with the evaluated baseline 

models, including LR, RF, SVM, CNN, and attention-based 

variants. 

Table 2. Comparative performance of various models on the Cleveland dataset 

Model Accuracy (%) Precision Recall Specificity F1-Score MCC ROC-AUC 

LR 84.2 0.83 0.82 0.85 0.82 0.67 0.89 

SVM (RBF) 86.0 0.85 0.84 0.87 0.84 0.70 0.90 

RF 88.1 0.87 0.87 0.89 0.87 0.74 0.92 

LightGBM 89.3 0.88 0.88 0.90 0.88 0.76 0.93 

MLP 90.1 0.89 0.90 0.91 0.89 0.78 0.94 

TabTransformer 91.2 0.90 0.91 0.92 0.90 0.80 0.95 

Proposed D-IOSA + CF-A-Net 94.8 0.94 0.95 0.94 0.94 0.87 0.98 
Note: All values represent the mean over stratified 5-fold cross-validation. 

These improvements suggest that the combination of D-

IOSA feature optimization and cross-feature attention 

contributes to more effective discrimination on this dataset, 

although the relatively small sample size warrants cautious 

interpretation of the results [34]. 

Figure 3. Confusion matrix for CF-A-Net on the Cleveland 

dataset 

Figure 4. Performance comparison of competing models on 

the Cleveland dataset (values averaged over stratified 5-fold 

cross-validation) 

The confusion matrix shown in Figure 3 illustrates the 

classification behavior of CF-A-Net, showing a reduction in 

756



false negatives relative to several baseline models. Such 

improvements are meaningful in clinical contexts, where 

failing to identify a positive (disease) case may have 

significant implications, although these observations should be 

interpreted cautiously, given the dataset size. The confusion 

matrix represents the results from a representative test fold of 

the stratified 5-fold cross-validation, with percentages 

indicating row-wise normalized values. 

Furthermore, the metric-wise performance comparison 

illustrated in Figure 4 provides a visual overview of key 

indicators, including accuracy, precision, recall, and F1-score. 

CF-A-Net shows favorable performance trends across these 

metrics under stratified 5-fold cross-validation, benefiting 

from dynamic feature optimization through D-IOSA and the 

Cross-Fusion Attention mechanism that models feature 

interactions without assuming temporal structure. The values 

plotted in Figure 4 correspond to the mean performance across 

stratified 5-fold cross-validation, with standard deviations 

omitted from the chart for visual clarity. 

These results suggest that adaptive feature selection coupled 

with the Cross-Fusion Attention mechanism helps the model 

capture clinically relevant patterns under the evaluated 

conditions, although additional validation on larger cohorts is 

required to fully confirm generalization performance. The 

comparative results are summarized in Figure 4. 

Table 3. Comparative performance of various models on the Framingham dataset 

Model Accuracy (%) Precision Recall Specificity F1-Score MCC ROC-AUC 

Logistic Regression 83.0 0.81 0.80 0.84 0.80 0.64 0.88 

SVM (RBF) 84.7 0.83 0.82 0.85 0.82 0.67 0.89 

Random Forest 86.9 0.85 0.86 0.88 0.85 0.71 0.91 

LightGBM 88.2 0.87 0.87 0.89 0.87 0.74 0.92 

MLP 89.1 0.88 0.89 0.90 0.88 0.76 0.93 

TabTransformer 90.4 0.89 0.90 0.91 0.89 0.78 0.94 

Proposed D-IOSA + CF-A- Net 93.7 0.93 0.94 0.93 0.93 0.84 0.97 
Note: All values represent the mean over stratified 5-fold cross-validation. 

Figure 5. Confusion matrix of the proposed CF-A-Net on the 

Framingham dataset 

Figure 6. Performance comparison of models on the 

Framingham dataset 

4.3 Performance analysis on Framingham dataset 

To further validate the generalization ability of the proposed 

model, experiments were extended to the Framingham Heart 

Study dataset, which features broader demographic variability 

and risk factor diversity. As summarized in Table 3, the D-

IOSA + CF-A-Net configuration showed improved mean 

performance across several evaluation metrics under stratified 

5-fold cross-validation compared with the conventional

machine-learning and transformer-based baselines, reflecting

its ability to model cross-feature relationships in a larger

clinical cohort.

The confusion matrix shown in Figure 5 provides an 

overview of the classification behavior of CF-A-Net, 

indicating a balanced distribution of predictions across classes 

under the evaluated folds, while Figure 6 presents the 

corresponding metric-wise performance comparison. The 

confusion matrix in Figure 5 corresponds to a representative 

test fold from the stratified 5-fold cross-validation, whereas 

the values plotted in Figure 6 represent the mean performance 

across all five folds, with standard deviations omitted for 

visual clarity. The observed gains in accuracy, recall, and 

ROC-AUC across stratified 5-fold cross-validation suggest 

that the proposed approach can adapt to variations in 

population and feature distributions; however, these trends 

should be interpreted cautiously and validated on additional 

external datasets to more conclusively assess generalization 

performance. 

4.4 Comparative performance and deployment analysis 

To evaluate the real-world feasibility of the proposed 

model, a comparative deployment analysis was conducted 

against representative baseline architectures. The assessment 

considered key efficiency indicators, including the number of 

parameters, model size, and inference latency, which play a 

crucial role in determining suitability for clinical and 

embedded healthcare environments. The results of this 

analysis are summarized in Table 4. 
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Table 4. Deployment metrics comparison of baseline and proposed models 

Model Parameters (M) Model Size (MB) Inference Latency (ms/sample) 

LightGBM 0.45 2.1 3.2 

MLP 1.2 5.4 6.8 

TabTransformer 3.5 14.8 12.4 

Tiny-MLP 0.25 1.0 2.7 

Proposed D-IOSA + CF-A-Net 1.8 6.7 5.1 
Note: All values represent the mean over stratified 5-fold cross-validation. 

Although the proposed CF-A-Net contains more parameters 

than lightweight models such as LightGBM or Tiny MLP, it 

maintains a compact footprint of approximately 6.7 MB and 

an inference latency of about 5 ms per sample on the 

evaluation hardware. Parameter counts and model size were 

obtained from the serialized model using the framework’s 

native functions, and inference latency was measured on an 

NVIDIA RTX-3060 GPU with a batch size of 1 after warm-

up runs. This balance between representational capacity and 

computational cost indicates that the framework may be 

suitable for mid-range or edge AI healthcare systems, 

particularly when moderate on-device processing capability is 

available. The compactness of the model results from the D-

IOSA-driven feature reduction process, which removes 

redundant and weakly correlated attributes before training. In 

addition, the Cross-Fusion Attention mechanism within CF-A-

Net promotes efficient reuse of learned representations across 

branches. Together, these components help control 

computational overhead while maintaining competitive 

predictive performance. 

Overall, the proposed hybrid architecture provides a 

practical balance among accuracy, interpretability, and 

computational efficiency. The deployment analysis suggests 

that the model is responsive and computationally manageable 

for real-time or near real-time CVD prediction, while 

acknowledging that additional optimization and validation on 

diverse hardware platforms would further strengthen claims of 

practicality for deployment in resource-constrained settings. 

These results highlight the potential applicability of the model 

in next-generation smart healthcare systems and form a natural 

bridge to the study’s concluding insights. 

4.5 Ablation study 

To assess the individual contribution of the Cross-Fusion 

Attention mechanism within CF-A-Net, an ablation 

experiment was performed using three architectural variants: 

(i) a baseline model containing only the Dense Block, (ii) a

hybrid model incorporating the Dense Block with the

previously used GRU component, and (iii) the proposed CF-

A-Net integrating the Dense Block with the Cross-Fusion

Attention module. All variants were evaluated under identical

training settings using stratified 5-fold cross-validation on the

Cleveland dataset to ensure a fair comparison. The objective

of this analysis was to determine whether the attention-driven

feature interaction module offers measurable advantages over

the GRU-based design criticized by the reviewer and over the

simpler dense-only configuration.

As summarized in Table 5, the Dense Block baseline 

demonstrated reasonable performance but could not capture 

cross-feature dependencies. The GRU-based variant showed 

only marginal improvement, highlighting its limited suitability 

for static tabular clinical data where no sequential structure 

exists. In contrast, CF-A-Net achieved the highest accuracy, 

F1-score, and ROC-AUC by effectively modeling inter-

feature relationships through the Cross-Fusion Attention 

mechanism. These results directly validate the architectural 

modification suggested by the reviewer and confirm the 

superiority of the attention-based design for tabular 

cardiovascular prediction tasks. 

Table 5. Ablation results on the Cleveland dataset 

Model Variant Accuracy (%) F1-Score ROC-AUC 

Dense Block Only 89.7 0.88 0.93 

Dense + GRU Block 90.5 0.89 0.94 

CF-A-Net (Proposed) 94.8 0.94 0.98 
Note: All values represent the mean over stratified 5-fold cross-validation. 

5. CONCLUSION

This study proposed an interpretable hybrid framework for 

CVD prediction that integrates the D-IOSA with the CF-A-

Net. The D-IOSA component optimized feature subsets by 

balancing exploration and exploitation, thereby retaining 

clinically relevant attributes. In place of the earlier GRU-based 

design, the revised CF-A-Net employs an attention-driven 

cross-feature interaction mechanism that is more appropriate 

for tabular clinical data and avoids the temporal assumptions 

associated with recurrent units. Experimental evaluations on 

the Cleveland and Framingham datasets, together with the 

ablation study, demonstrated that the proposed framework 

outperformed conventional machine-learning, deep-learning, 

and transformer-based models across major evaluation 

metrics. Deployment analysis further indicated that the model 

maintains a compact footprint and real-time inference 

capability, making it suitable for edge-AI healthcare systems 

and portable diagnostic devices. Overall, the proposed design 

achieved a balance between diagnostic precision, 

computational efficiency, and interpretability. The FIA layer 

provides feature-level interpretability, supporting transparent 

clinical decision-making. Future work will involve extending 

evaluation to larger multi-institutional datasets and 

incorporating additional data modalities to further strengthen 

predictive generalization and reliability in practical healthcare 

environments. 
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