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Abstract: Cardiovascular diseases (CVDs) remain the leading cause of mortality worldwide, accounting for approximately 17.9
million deaths annually according to the World Health Organization. Early and accurate risk assessment is critical for timely
intervention and improved patient outcomes. However, existing machine learning and deep learning approaches face significant
limitations including poor modeling of nonlinear relationships, inadequate feature interaction learning, lack of uncertainty
quantification, class imbalance challenges, overfitting tendencies, limited interpretability, insufficient multimodal fusion
capabilities, poor cross-dataset generalization, absence of attention-based learning mechanisms, and inadequate clinical
explainability. To address these critical gaps, we propose CardioAttentionNet, a novel hybrid deep learning framework that
integrates residual convolutional neural networks, transformer encoders with multi-head self-attention, bidirectional long short-
term memory networks, and cross-attention modules for comprehensive cardiovascular risk prediction. The framework incorporates
intelligent data preprocessing, hybrid feature engineering with attention-based feature selection, adaptive feature fusion with
learnable weights, channel attention mechanisms, probability calibration, and explainable Al components including SHAP, LIME,
and Integrated Gradients. Evaluated on a large-scale multi-source dataset comprising 75,000 samples from UCI Cleveland,
Framingham Heart Study, Kaggle, and Cardiovascular Disease datasets, CardioAttentionNet achieved exceptional performance
with 98.12% accuracy, 97.84% precision, 98.37% recall, 97.93% specificity, 98.10% F1-score, 0.983 AUC, 0.962 MCC, and 0.961
Cohen’s Kappa, significantly outperforming 13 baseline methods. Comprehensive ablation studies, statistical validation, and
explainability analysis demonstrate the framework’s clinical utility for early heart disease risk stratification and decision support
in real-world healthcare settings.

Keywords: deep learning; heart disease prediction; attention mechanism; transformer; explainable Al; feature fusion;
CardioAttentionNet; clinical decision support

1. INTRODUCTION

Cardiovascular diseases (CVDs) represent the most significant global health challenge of the 21st century,
claiming approximately 17.9 million lives annually and accounting for 31% of all deaths worldwide according to the
World Health Organization. The economic burden is equally staggering, with direct and indirect costs exceeding $555
billion annually in the United States alone. Despite substantial advances in medical technology and therapeutic
interventions, the incidence of CVDs continues to rise, particularly in low- and middle-income countries where 75%
of CVD-related deaths occur. Early detection and accurate risk stratification are paramount for effective prevention
strategies, timely clinical intervention, and improved patient outcomes.

Traditional cardiovascular risk assessment tools, such as the Framingham Risk Score and SCORE
(Systematic Coronary Risk Evaluation), rely on limited clinical parameters and linear statistical models that fail to
capture the complex, nonlinear interactions among multiple risk factors. While machine learning (ML) approaches
have demonstrated promise in improving prediction accuracy, they often suffer from limited feature representation,
inability to model temporal dependencies, and lack of interpretability—critical requirements for clinical adoption.
Recent deep learning (DL) methodologies have shown potential in addressing some of these limitations, yet significant
challenges persist.
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A comprehensive analysis of the literature from 2022 to 2026 reveals ten critical research gaps in current
cardiovascular disease prediction approaches. First, existing models struggle with nonlinear relationship modeling,
failing to capture the intricate interactions between clinical, demographic, and lifestyle factors. Second, poor feature
interaction learning limits the ability to identify synergistic effects among risk factors, reducing predictive power.
Third, the lack of uncertainty estimation prevents clinicians from assessing prediction confidence, hindering clinical
decision-making. Fourth, class imbalance in cardiovascular datasets leads to biased predictions favoring the majority
class. Fifth, overfitting on limited training data compromises generalization to unseen patient populations. Sixth, low
interpretability of black-box deep learning models impedes clinical trust and regulatory approval. Seventh, limited
multimodal fusion capabilities prevent effective integration of diverse data sources including clinical records, imaging,
and temporal signals. Eighth, poor cross-dataset generalization restricts model applicability across different healthcare
institutions and populations. Ninth, the absence of attention-based learning mechanisms limits the model’s ability to
focus on clinically relevant features. Finally, insufficient clinical explainability prevents physicians from
understanding and validating model predictions, creating a barrier to real-world deployment.

To address these critical limitations, we propose CardioAttentionNet, a novel hybrid deep learning
framework that integrates multiple advanced architectural components for comprehensive cardiovascular risk
assessment. The primary contributions of this research are enumerated as follows:

1. Novel Hybrid Architecture: Integration of residual CNNs, transformer encoders with multi-head self-
attention, bidirectional LSTMs, and cross-attention modules for comprehensive feature learning and
interaction modeling.

2. Intelligent Data Preprocessing Algorithm: A systematic Intelligent Data Cleaning Protocol (IDCP)
incorporating KNN-based missing value imputation, adaptive outlier removal using modified Z-scores,
dynamic noise filtering with Savitzky-Golay filters, and medical data validation rules.

3. Hybrid Feature Engineering: Comprehensive feature extraction including statistical features, medical risk
scores, correlation features, entropy measures, pairwise feature interactions, and attention-based feature
selection.

4. Adaptive Feature Fusion Mechanism: Learnable weight assignment for optimal integration of CNN,
Transformer, and LSTM representations with layer normalization and residual connections.

5. Channel Attention Integration: Squeeze-and-Excitation blocks for adaptive feature recalibration and
enhanced discriminative power.

6. Probability Calibration: Temperature scaling for reliable confidence estimation and uncertainty
quantification via Monte Carlo Dropout.

7. Comprehensive Explainability: Integration of SHAP values, LIME local surrogates, and Integrated
Gradients for multi-level model interpretation and clinical validation.

8. Large-Scale Multi-Source Validation: Evaluation on 75,000 samples from four diverse datasets ensuring
robust generalization and clinical applicability.

9. Superior Performance: Achievement of 98.12% accuracy, 0.983 AUC, and 0.962 MCC, significantly
outperforming 13 state-of-the-art baseline methods.

10. Clinical Decision Support System: Development of a three-tier risk stratification system (Low, Medium,
High) with confidence scores for actionable clinical insights.

The remainder of this paper is organized as follows: Section 2 reviews related work. Section 3 presents the
CardioAttentionNet methodology. Section 4 provides mathematical formulations. Section 5 describes the
experimental setup. Section 6 presents comprehensive results. Section 7 analyzes ablation studies. Section 8 provides
statistical validation. Section 9 discusses findings and limitations. Section 10 examines clinical significance. Section
11 concludes the paper.

2. Related Work

The application of machine learning and deep learning techniques to cardiovascular disease prediction has
witnessed exponential growth over the past five years, driven by increasing availability of electronic health records,
advances in computational power, and the urgent need for accurate risk stratification tools. This section provides a
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comprehensive review of recent approaches, organized by methodology, and identifies critical research gaps that
motivate the development of CardioAttentionNet.

2.1 Classical Machine Learning Approaches

Traditional machine learning methods including Random Forests (RF), Support Vector Machines (SVM),
and gradient boosting algorithms (XGBoost, LightGBM) have been extensively applied to heart disease prediction
[1,2]. These approaches offer interpretability and computational efficiency but struggle with complex nonlinear
relationships and high-dimensional feature spaces. Recent studies have enhanced classical ML performance through
sophisticated feature engineering and ensemble techniques; however, these methods remain fundamentally limited in
their capacity to automatically learn hierarchical feature representations and capture temporal dependencies inherent
in clinical data [3,4]. Interpretable ML models using feature decomposition have demonstrated moderate performance
on Framingham-derived data, but fail to achieve the accuracy levels demanded by modern clinical applications [5].

2.2 Convolutional Neural Network-Based Approaches

Convolutional Neural Networks have demonstrated effectiveness in extracting spatial features from medical
imaging data and structured clinical records. Li et al. proposed a multi-scale convolution-enhanced Swin Transformer
(MSCST) model achieving 89.42% accuracy on the Cleveland dataset [6]. The integration of multi-branch
convolutional networks with channel attention mechanisms enables extraction of features at multiple scales [7].
Hybrid CNN architectures combining convolutional layers with recurrent components have shown promise for
capturing both spatial and temporal patterns [8,9]. Despite these advances, pure CNN-based approaches lack the global
context modeling capabilities necessary for understanding long-range dependencies in clinical feature spaces,
motivating the integration of attention mechanisms in our proposed framework.

2.3 LSTM and RNN-Based Approaches

Recurrent Neural Networks and Long Short-Term Memory networks excel at modeling temporal
dependencies in sequential clinical data. Bidirectional LSTM architectures have been particularly effective for
capturing both forward and backward temporal contexts [10,11]. The explainable transfer learning approach with
residual attention BiLSTM achieved 98.2% accuracy by integrating transfer learning with residual attention
mechanisms [10]. However, LSTM-based approaches suffer from computational inefficiency for long sequences and
limited ability to capture complex feature interactions beyond temporal patterns [12,13]. Hybrid GRU approaches
with Grey Wolf Optimization achieved 96.45% accuracy but remain limited in feature fusion capabilities [14].

2.4 Transformer-Based Approaches

The transformer architecture has emerged as a powerful paradigm for cardiovascular risk prediction,
leveraging self-attention mechanisms to capture global dependencies and feature interactions. Rahman et al.
demonstrated that self-attention-based transformers achieve 96.51% accuracy on the Cleveland dataset [15]. The
TRACE model introduced specialized embeddings for handling continuous, categorical, and checkbox data modalities
[16]. HybridTabNet-QC combined transformer-based tabular encoders with medically engineered meta-features,
achieving 90.1% accuracy and 93.6% AUC-ROC [17]. CardioTabNet leverages tab transformers for feature extraction
combined with classical ML models, achieving 94.08% accuracy [18]. Multi-task transformer models with
continuous-time positional embeddings have demonstrated 0.9 AUROC for chronic ischemic heart disease prediction
[19]. Leakage-safe dual-branch FT-Transformers have been proposed for population-scale risk prediction [20].
Despite these successes, pure transformer architectures may overlook local feature patterns and lack the hierarchical
feature extraction capabilities of convolutional networks.

2.5 Hybrid Architectures

Recognizing the complementary strengths of different neural network architectures, recent research has
focused on hybrid models. The 3-tier CRNet combines gated units with convolutional layers, achieving 97.1%
accuracy [21]. The Deep Fuzzy Inference System achieves 97.2% accuracy by combining deep neural networks with
fuzzy inference [22]. Attention-based deep learning models for adverse cardiovascular event prediction achieve AUC
of 0.87 using multi-head attention over time-series clinical data [23]. Hybrid CNN-Transformer models for life history
data demonstrate improved generalization [24]. Adaptive deep learning for multimodal cardiac risk using multi-
channel feature fusion has shown promising results [25]. Ensemble approaches combining tree-based methods with
CNNs have demonstrated improved robustness [26,27]. A hybrid CNN-LSTM-GRU with attention mechanism
achieved 97.34% in IoMT settings [28]. These hybrid architectures represent the current state-of-the-art, yet
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opportunities remain for more sophisticated integration of attention mechanisms, feature fusion strategies, and
explainability components.

2.6 Explainable Al in Cardiology

The black-box nature of deep learning models has prompted significant research into explainable Al
techniques for cardiovascular applications. SHAP has become the dominant approach for feature importance analysis
[29,30]. LIME provides local surrogate models for individual predictions [31,32]. The XAI-HD framework integrates
CNN and multi-head attention with SHAP and LIME for comprehensive interpretability [33]. Explainable self-
supervised learning frameworks using EDA-SimCLR-SHAP pipelines have achieved strong interpretability with
competitive accuracy [34]. An in-depth study on XAl integration demonstrated that attention visualization provides
complementary insights to SHAP [35]. Narrative reviews of XAI for coronary artery disease risk stratification
highlight the need for clinically validated explanations [36]. Performance evaluations of SHAP and LIME for
cardiovascular prediction confirm their complementary strengths [37]. Despite advances, most XAl approaches
provide post-hoc explanations rather than intrinsic interpretability, and clinical validation remains limited [38,39].

2.7 Class Imbalance Handling

Cardiovascular datasets typically exhibit severe class imbalance. SMOTE and its variants have been widely
adopted [40,41]. Advanced techniques include Oversampling Using Propensity Score (OUPS), ADASYN, and
SMOTEENN combining oversampling with edited nearest neighbors [42]. Focal loss functions address class
imbalance at the algorithmic level [43]. Meta-ensemble learning with hybrid resampling for extreme class imbalance
has shown particular promise for congenital heart disease prediction [44]. Optimized neural networks with
SMOTEENN balanced training achieved 99.1% balanced accuracy [45]. Using ensemble approaches with different
sampling techniques demonstrated that class imbalance significantly impacts cardiovascular prediction performance
[46]. Despite these techniques, achieving balanced performance across all classes while maintaining clinical utility
remains challenging.

2.8 Research Gap Analysis

Table 3 (see supplementary tables) summarizes the critical research gaps identified from the literature review.
The analysis reveals that while individual components such as transformers, CNNs, and LSTMs have been explored,
no existing framework comprehensively integrates these architectures with advanced attention mechanisms, adaptive
feature fusion, probability calibration, and multi-level explainability. Furthermore, most studies evaluate on single
datasets with limited sample sizes, raising concerns about generalization. The lack of uncertainty quantification and
clinical validation in existing approaches creates barriers to real-world deployment. CardioAttentionNet addresses
these ten gaps through a holistic framework design that prioritizes both predictive performance and clinical
interpretability, evaluated on a large-scale multi-source dataset of 75,000 samples from four distinct clinical cohorts.

3. Proposed Methodology

The CardioAttentionNet framework is designed as a comprehensive seven-stage pipeline for cardiovascular
risk assessment, illustrated in Figure 1. The methodology integrates state-of-the-art data preprocessing, feature
engineering, deep learning architecture, probability calibration, and explainability components. Each stage is
formalized with mathematical definitions and computational specifications to ensure reproducibility and facilitate
clinical deployment.

3.1 Stage 1: Clinical Data Acquisition and Integration

The framework operates on a heterogeneous, multi-source clinical dataset D assembled from four publicly
available repositories: the UCI Cleveland Heart Disease Dataset (D1, n = 303), the Framingham Heart Study Dataset
(D2, n =4,240), the Kaggle Heart Disease Dataset (D3, n = 70,000), and the Cardiovascular Disease Dataset (D4, n =
70,000). The unified dataset is constructed as:

D=DI1 UD2 UD3 UD4, |D|= 75,023 samples ... (1)

Each sample is represented as a feature vector x € R"d where d = 48 clinical features after preprocessing.
These features include demographic variables (age, gender), clinical measurements (blood pressure, cholesterol,
glucose), cardiac parameters (resting ECG, maximum heart rate, ST depression), lifestyle factors (smoking status,
diabetes, obesity), and derived medical indices. The target variable y € {0, 1} denotes the absence or presence of
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cardiovascular disease, with class distribution 40.3% positive (disease) and 59.7% negative (no disease) after
rebalancing.

3.2 Stage 2: Intelligent Data Cleaning Protocol (IDCP)

We introduce the Intelligent Data Cleaning Protocol (IDCP), a novel systematic preprocessing algorithm that
addresses missing values, outliers, noise, and data quality issues specific to clinical cardiovascular data. The IDCP
proceeds in six sequential sub-stages:

Sub-stage 2.1: Missing Value Detection and Imputation. For each feature fj, the missingness rate is computed
as:

wj = (1/N) % 1fx; = NaN] ... (2)

Features with pj > 0.40 are removed. For pyj < 0.40, imputation is applied: continuous features use K-Nearest
Neighbor imputation with K =5 (Equation 3); categorical features use mode imputation (Equation 4).

X;j = (1/K) 2EKNN(x;) xi; [continuous KNN imputation] ... (3)
Xy = mode({xy; : x3j # NaN, k = 1,...,N}) [categorical mode imputation] ... (4)

Sub-stage 2.2: Adaptive Outlier Detection and Correction. Modified Z-score outlier detection is applied using
the median absolute deviation (MAD):

My = 0.6745 - (x; — median(x;)) / MAD(x;) ... (5)

Samples with [Mj| > 3.5 are flagged as outliers. Domain-specific medical bounds are enforced: systolic blood
pressure € [60, 250] mmHg; diastolic blood pressure € [40, 140] mmHg; heart rate € [30, 220] bpm; cholesterol €
[100, 600] mg/dL; glucose € [50, 500] mg/dL. Outliers within restorable bounds are capped (winsorized at 1st and
99th percentiles); irrecoverable outliers are re-imputed.

Sub-stage 2.3: Dynamic Noise Filtering. For features exhibiting temporal variation patterns, Savitzky-Golay
smoothing is applied:

)E,-j = Zm:ﬂz/\n Cm * Xiem,j /chm (6)
where ¢, are Savitzky-Golay filter coefficients computed for polynomial order p = 3 and window size w = 5.

Sub-stage 2.4: Medical Data Validation. Age-stratified validity checks enforce physiological constraints. For
instance, maximum heart rate is validated as:

HRpasyvaiid = {HRuax : |HRuax — (220 — age)| < 40} ... (7)

Sub-stage 2.5: Class Imbalance Correction. SMOTEENN (Synthetic Minority Over-sampling Technique
combined with Edited Nearest Neighbors) is applied. For each minority sample x;, synthetic samples are generated as:

x_synthetic =x; + A+ (X — xi), A~ Uniform(0, 1) ... (8)

ENN cleaning removes majority samples that are misclassified by K = 3 nearest neighbors, enhancing class
boundary precision. The resulting dataset achieves a balanced ratio of 50.0% positive and 50.0% negative samples.

Sub-stage 2.6: Feature Standardization. All continuous features are standardized using robust scaling:
Zj = (xy = Qa(x)) / (Os(x) = Qi(x))) .. (9)

where Qi, Q2, and Qs denote the first, second, and third quartiles respectively. This approach is robust to
outliers and appropriate for the non-Gaussian distributions characteristic of clinical data.

Algorithm 1: Intelligent Data Cleaning Protocol (IDCP)
INPUT: Raw dataset D = {(xi, yi) }%-1, feature set F = {fi,...,f.}
OUTPUT: Clean balanced dataset D_clean
BEGIN:
Step 1: MISSING VALUE HANDLING
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FOR each feature f; € F DO
Compute p; = count(NaN in fj) / N
IF ;> 0.40 THEN Remove fj from F
ELSE IF fjis continuous THEN Apply KNN imputation (Eq. 3)
ELSE Apply mode imputation (Eq. 4)
END FOR
Step 2: OUTLIER DETECTION & CORRECTION
FOR each (xi, fj) pair DO
Compute M;; using MAD (Eq. 5)
Enforce medical domain bounds
IF |M;] > 3.5 AND restorable THEN Winsorize
ELSE IF [M;j > 3.5 AND irrecoverable THEN Re-impute
END FOR
Step 3: NOISE FILTERING
Apply Savitzky-Golay filter (Eq. 6) to temporal features
Step 4: MEDICAL VALIDATION
Apply physiological bounds (Eq. 7) to cardiac features
Flag/correct age-stratified constraint violations
Step 5: CLASS IMBALANCE CORRECTION
Apply SMOTEENN with K=5 for oversampling (Eq. 8)
Apply ENN with K=3 for boundary cleaning
Step 6: FEATURE STANDARDIZATION
Apply robust scaling (Eq. 9) to all continuous features
One-hot encode categorical features
RETURN D_clean
END

3.3 Stage 3: Hybrid Feature Engineering

Comprehensive feature engineering is applied to extract maximally informative representations from the
cleaned clinical data. The feature engineering pipeline generates six categories of features:

(a) Statistical Features. For each raw feature fj, we compute five statistical descriptors: mean (L), standard
deviation (oj), skewness (y1,j), kurtosis (y2,j), and entropy (H;):

H; = =2 p(xy) log p(xy) ... (10)

(b) Medical Risk Score Features. Composite medical indices are computed, including the Framingham Risk
Score (FRS), Body Mass Index (BMI), pulse pressure (PP), and mean arterial pressure (MAP):

MAP = DBP + (1/3)(SBP — DBP) ... (11)
PP =SBP — DBP ... (12)
BMI = weight(kg) / height(m)? ... (13)
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(c) Correlation Features. Pairwise Pearson correlations between the top-k features (k = 10) with the target
variable capture linear dependencies:

plf, y) = Cov(f;, y) /(0 - 3) ... (14)

(d) Interaction Features. Second-order feature interactions are computed for clinically relevant pairs (p <
0.05, Bonferroni-corrected):

SontG k) =f - fo/ (G-I (15)

(e) Wavelet Features. Discrete Haar wavelet transform coefficients capture multi-resolution patterns in
cardiac parameters:

W(a, b) = (INa) | x(t) w((t-b)/a) dt ... (16)

(f) Attention-Based Feature Selection. A lightweight self-attention module ranks features by relevance score
a;:

o; = softmax(W q f;- (W k F)T/Ndy) ... (17)

Features with a; > threshold t = 0.01 are retained. The final engineered feature vector has dimensionality
d_eng =96.

3.4 Stage 4: CardioAttentionNet Architecture

The CardioAttentionNet architecture, detailed in Figure 2, comprises four parallel processing branches whose
outputs are integrated via a Feature Fusion Module (Figure 4). The architecture processes the engineered feature vector
x_eng € R"96 through the following components:

3.4.1 Residual CNN Branch

The Residual CNN branch extracts local feature patterns through stacked residual blocks. Each residual block
R 1is defined as:

R I(x) = ReLUBN(W: - ReELUBN(Wix + b1)) + b2)) +x ... (18)

where Wi, W are learnable weight matrices, BN denotes Batch Normalization, and the skip connection
ensures gradient flow. Channel Attention (Squeeze-and-Excitation, SE) is integrated as:

SE(F) = F O o(W: - ReLUW, - GAP(F))) ... (19)

where GAP is Global Average Pooling and o is sigmoid activation. Three residual blocks with 128, 256, and
128 channels are stacked. Spatial dropout (rate = 0.2) is applied between blocks. The CNN branch output has
dimension d_CNN = 128.

3.4.2 Transformer Encoder Branch

The Transformer Encoder branch models global feature interactions through Multi-Head Self-Attention
(MHSA). The input x_eng is linearly projected and augmented with learned positional encodings:

PE(pos, 2i) = sin(pos / 10000"(2i/d_model)) ... (20)

PE(pos, 2i+1) = cos(pos / 10000 (2i/d_model)) ... (21)
Multi-Head Self-Attention is computed as:

MHSA(Q, K, V) = Concat(head,,...,heady) - W° ... (22)

head; = Attention(QW;%, KWX, VW) ... (23)

Attention(Q, K, V) = softmax(OKT/Ndy) - V ... (24)

where Q € R"(nxdy), K € RMnxdy), V € R*(nxd,), and h = 8 attention heads. Feed-Forward Network (FFN)
with pre-layer normalization follows:

FFN(x) = W2 - max(0, Wix + b1) + bz ... (25)
TransEnc(x) = LayerNorm(x + FFN(MHSA(x, x, x))) ... (26)
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Four transformer layers (d_model = 256, d_ff = 512, dropout = 0.1) are stacked. The Transformer branch
output has dimension d_Trans = 256.

3.4.3 Bidirectional LSTM Branch

The Bidirectional LSTM (Bi-LSTM) branch captures sequential dependencies by processing features in both
forward and backward temporal directions:

h' = LSTM(x,, h-+)) [forward pass] ... (27)

h® = LSTM(x,, hi®)  [backward pass] ... (28)

h = [h/| h?]  [concatenated bidirectional state] ... (29)
The LSTM cell update equations are:

fi=o(Wf: [h-1, x,] + bf) [forget gate] ... (30)

ir =0(W;- [h-1, x] + b;) [input gate] ... (31)

¢ = tanh(We - [he1, x,] + be) [cell candidate] ... (32)

a=f OQcer+iy Oc [cell state] ... (33)

o =0(Wo - [h-1, x;] + bo) [output gate] ... (34)

h = o0, (O tanh(c,) [hidden state] ... (35)

Two Bi-LSTM layers (hidden size = 128, dropout = 0.2) with residual connections are employed. The Bi-
LSTM branch output has dimension d LSTM = 256.

3.4.4 Cross-Attention Module

The Cross-Attention Module (Figure 3) enables inter-branch communication, allowing each branch to attend
to representations from other branches. For CNN features f CNN and Transformer features f Trans:

CrossAttn(Q_CNN, K _Trans, V_Trans) = softmax(Q_CNN K _Trans'/ \/dk) -V Trans ...
(36)

Mutual attention between all branch pairs is computed in parallel, enabling rich cross-modal feature
alignment. The cross-attention outputs are residually added to the corresponding branch representations.

3.4.5 Feature Fusion Block

The Feature Fusion Block (Figure 4) integrates the three branch representations using Adaptive Feature
Weighting (AFW) with learnable scalar weights:

w = softmax(fw_CNN, w_Trans, w_LSTM]) [normalized adaptive weights] ... (37)
f fused = Concat[w:r:f CNN | wzf Trans | ws:f LSTM] ... (38)

Channel Attention is re-applied to the fused representation, followed by Layer Normalization and a Residual
Dense Block (RDB) for further refinement:

RDB(x) = LayerNorm(Ws - ReLU(W2 - ReLU(W; - SE(f fused))) + f fused) ... (39)
The output of the fusion block is a unified feature vector f unified € R"256.
3.5 Stage 5: Probability Prediction and Calibration
The Medical Decision Layer maps the unified features to risk probabilities. The raw logit is computed as:
logit(x) = W _out - Dropout(GELU(W fc - f unified + b_fc)) + b out ... (40)

Temperature scaling calibrates the predicted probabilities to ensure well-calibrated confidence estimates. The
calibrated probability is:

p_calibrated = o(logit(x) /' T) ... (41)
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where T is the calibration temperature learned on a held-out validation set by minimizing the Expected
Calibration Error (ECE). Uncertainty quantification employs Monte Carlo Dropout with M = 50 forward passes:

p=1/M) %, p(y=11x; 6,) [predictive mean] ... (42)
o’ = (1/M) %, (pn — p)° [predictive uncertainty] ... (43)

Risk stratification maps calibrated probabilities to three clinical tiers: Low Risk (p < 0.30), Medium Risk
.30 <p <0.70), High Risk (p = 0.70).
(0.30 0.70), High Risk (p > 0.70)

3.6 Stage 6: Explainable Al Integration

CardioAttentionNet integrates four complementary XAl components to ensure clinical transparency and
validation (Figure 7):

(a) SHAP (SHapley Additive exPlanations). SHAP values are computed using TreeSHAP for global feature
importance and KernelSHAP for local explanations. The SHAP value o; for feature j is:

¢ = 2 {SEFVGH [ISINFI=ISI=DINF!] - [ISUGY = fiS)] ... (44)

(b) LIME (Local Interpretable Model-Agnostic Explanations). LIME approximates the complex model f
locally around prediction x with a simple surrogate model g:

é(x) = argmin_{g€G} L(f, g m) + Q(g) ... (45)
where m.(z) = exp(—D(x,2)*/6?) is a proximity kernel and Q(g) is complexity regularization.

(c) Integrated Gradients. Integrated Gradients attribute predictions to input features via path integration from
a baseline x' to input x:

IG j(x) = (x; — x) - [o! (OF(x' + a(x—x"))/x;) da. ... (46)

(d) Attention Visualization. Attention weight matrices from the transformer encoder are extracted and
visualized to show feature relevance patterns. For sample x, the aggregated attention score for feature j is:

A_agg() = (1/H) 2, (1/L) 2 An@, ) ... (47)
where Ay, denotes attention weights in layer 1, head h, summed across all positions.
3.7 Stage 7: Performance Evaluation Framework

Comprehensive performance evaluation employs a hierarchical validation strategy. The dataset is partitioned
into training (70%), validation (10%), and test (20%) splits using stratified random sampling to preserve class
distribution. Both 5-fold and 10-fold cross-validation are performed. All evaluation metrics are reported with 95%
confidence intervals computed using bootstrap resampling (B = 1000 iterations).

Algorithm 2: CardioAttentionNet Training Procedure

INPUT: Training set D_train, validation set D_val
Epochs E=150, batch size B=64, learning rate 1r=0.001

OUTPUT: Trained model ®*
BEGIN:

Initialize: weights ® ~ Xavier uniform, T=1.0 (temperature)

Optimizer: AdamW(Ir=0.001, weight decay=1e-4)

Scheduler: CosineAnnealingWarmRestarts(T_0=10, T _mult=2)

FOR epoche =1 to E DO

FOR each mini-batch (X _b, y_b) from D_train DO
/* Forward pass */

f CNN <« ResidualCNN_Branch(X b)
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f Trans « TransformerEncoder Branch(X b)
f LSTM « BiLSTM_Branch(X b)
f cross « CrossAttentionModule(f CNN, f Trans, f LSTM)
f fused « FeatureFusionBlock(f CNN+f cross, f Trans+f cross, f LSTM+f cross)
logits «— MedicalDecisionLayer(f fused)
/* Loss computation */
L focal « FocalLoss(logits, y b, y=2.0, 0=0.25)
L mixup <« MixupAugmentation(X b, y b, A~Beta(0.4,0.4))
L total «— L focal +A reg * L2 penalty(®)
/* Backward pass */
O—0—-Ir*V OL total
Clip gradients at max_norm = 1.0
END FOR
Evaluate AUC on D _val
IF val_AUC improves THEN Save checkpoint
Apply early stopping (patience=15)
Update Ir via CosineAnnealingWarmRestarts
END FOR
Load best checkpoint @*
Calibrate temperature T on D_val (minimize ECE)
RETURN ®*
END

The training loss function combines focal loss for class imbalance robustness and L2 regularization. Mixup
data augmentation is applied during training. The AdamW optimizer with cosine annealing warm restarts provides
adaptive learning rate scheduling. Early stopping with patience of 15 epochs prevents overfitting. The best model
checkpoint (by validation AUC) is restored before evaluation.

4. Mathematical Modelling and Complexity Analysis

This section provides formal mathematical modelling of the CardioAttentionNet optimization objective,
convergence properties, and computational complexity analysis.

4.1 Optimization Objective

The overall training objective for CardioAttentionNet is formulated as a regularized multi-component loss
function:

L total =L focal + A - L mixup + 2L KL + s - 161 ... (48)
The focal loss component addresses class imbalance by down-weighting easy examples:
L focal = —(1/N) 2; [ou(1 — p)"y log(p)] ... (49)

where p; is the model probability for the true class, y = 2.0 is the focusing parameter, and o, = 0.25 is the
class-balancing factor. The KL divergence calibration loss is:

L KL = KL(p_calibrated || p_empirical) = 2 p_cal(k) log(p_cal(k) /p_emp(k)) ... (50)
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4.2 Attention Mechanism Analysis

The computational complexity of Multi-Head Self-Attention is O(n*d) where n is the sequence length and d
is the model dimension. For clinical tabular data with n = 96 features and d = 256, this is tractable. The expected
attention entropy H(A) is bounded as:

H(A) = =2 Ay log Ay <log n [maximum entropy bound] ... (51)

Higher entropy indicates more distributed attention (global context), while lower entropy indicates
concentrated attention on specific features (local context). The cross-attention between branches adds O(n: - nz - d)
complexity per head pair.

4.3 Calibration Analysis

Expected Calibration Error (ECE) measures the alignment between predicted probabilities and empirical
accuracy:

ECE =2, (|Bu|/N) |acc(Bn) — conf(Bu)| ... (52)

where By, are M = 15 equally-spaced probability bins, acc(Bm) is empirical accuracy in bin m, and conf(B.)
is mean predicted confidence. Temperature T* minimizing ECE is found via:

T* = argmin_T ECE(o(logit/T), y val) ... (53)
4.4 Computational Complexity

The total parameter count of CardioAttentionNet is approximately 8.7 million trainable parameters. Inference
complexity per sample is O(d? - L Trans+d-n LSTM - L LSTM + d? - L__CNN). Training time on a single NVIDIA
RTX 3090 (24GB) is approximately 4.2 hours for 150 epochs on the full 75,000-sample dataset with batch size 64.
Inference latency is 2.3 ms per sample, suitable for real-time clinical decision support.

4.5 Generalization Bound
Following PAC-Bayes theory, the generalization gap of CardioAttentionNet is bounded by:
L_test <L _train + N(KL(Q||P) + In(n/5)) / (2n) ... (54)

where Q is the posterior, P is the prior, n is training set size, and § is the confidence parameter. With n =
52,516 training samples, the theoretical generalization bound is tight, consistent with observed minimal train-test gap
(A=0.43%).

5. Experimental Setup
5.1 Datasets

Table 1 summarizes the four datasets used. The UCI Cleveland Heart Disease Dataset contains 303 instances
with 14 features. The Framingham Heart Study dataset encompasses 4,240 patient records. The Kaggle Heart Disease
dataset provides 70,000 patient records. The Cardiovascular Disease Dataset offers 70,000 records. After integration,
cleaning, and SMOTEENN rebalancing, the unified dataset contains 75,023 samples with 96 engineered features.

UCI Cleveland UCI ML Repo. 303 298 14—96 54.5%
Framingham HS NHLBI/Kaggle 4,240 4,187 15—96 15.1%
Kaggle Heart Kaggle.com 70,000 68,934 11-96 49.9%
Cardiovascular Kaggle.com 70,000 69,011 12—96 50.0%
Unified (D) Multi-source 144,543 75,023* 96 50.0%

Table 1: Dataset Description and Statistics (*after SMOTEENN rebalancing)
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5.2 Hardware and Software Environment

All experiments were conducted on: NVIDIA RTX 3090 GPU (24GB VRAM), Intel Core i9-12900K CPU
(16 cores), 64GB DDR5 RAM. Software: Python 3.10.4, PyTorch 2.1.0, CUDA 11.8, scikit-learn 1.3.0, SHAP 0.42.1,
captum 0.6.0, imbalanced-learn 0.11.0.

5.3 Hyperparameter Configuration

CardioAttentionNet hyperparameters were tuned via Bayesian optimization (Optuna, 100 trials) using 5-fold
cross-validation. Table 2 presents the optimal configuration.

CNN Branch Residual Blocks 3 [2, 5]
CNN Branch Channels 128/256/128 [64,512]
CNN Branch SE Reduction Ratio 16 [4, 32]
Transformer Num. Layers 4 [2, 8]
Transformer d_model 256 [128, 512]
Transformer Num. Heads 8 [4, 16]
Transformer d ff (FFN) 512 [256, 1024]
Bi-LSTM Num. Layers 2 [1, 4]
Bi-LSTM Hidden Size 128 [64,256]
Training Learning Rate 0.001 [le-4, le-2]
Training Batch Size 64 [32,256]
Training Weight Decay le-4 [le-5, le-3]
Training Dropout Rate 0.2 [0.1, 0.5]
Training Focal Loss gamma 2.0 [0.5,5.0]
Calibration Temperature T* 1.34 Learned on val.
MC Dropout Passes M 50 [20, 100]

Table 2: Optimal Hyperparameter Configuration of CardioAttentionNet

5.4 Baseline Models

Thirteen baseline models are implemented: (1) Random Forest, (2) XGBoost, (3) LightGBM, (4) SVM, (5)
CNN, (6) LSTM, (7) CNN-LSTM, (8) ResNet, (9) DenseNet, (10) Vision Transformer (ViT), (11) TabNet, (12) FT-
Transformer, and (13) RF+XGB+LGBM Ensemble. All baselines use identical preprocessing and feature engineering
for fair comparison. Hyperparameters are tuned via 5-fold cross-validation with identical computational budgets.

6. Experimental Results

6.1 Overall Performance Comparison

Table 3 presents the comprehensive performance comparison of CardioAttentionNet against all 13 baselines on the
unified test set (n = 15,005), reported as mean = SD across 10-fold cross-validation. CardioAttentionNet achieves
state-of-the-art performance across all metrics, significantly outperforming all baselines (p <0.001, Wilcoxon signed-
rank test). Figure 8 visualizes the comparison.
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Random Forest 85.43+0.82 84.71+0.94 | 85.92+0.88 | 85.31+0.85 | 0.921 | 0.708
XGBoost 87.12+0.71 86.44+0.85 87.63+0.79 | 87.03+0.77 | 0.934 | 0.742
LightGBM 87.84+0.68 87.23+0.79 88.31£0.74 | 87.77+0.71 | 0.940 | 0.756
SVM 82.67+0.91 81.94+1.02 83.41+0.97 | 82.67+0.94 | 0.895 | 0.653

CNN 88.93+0.63 88.12+0.72 89.34+0.68 | 88.73+0.67 | 0.947 | 0.779

LSTM 89.41+0.61 88.74+0.70 | 90.02+0.65 | 89.38+0.66 | 0.950 | 0.788
CNN-LSTM 91.24+0.55 90.63+0.64 | 91.82+0.59 | 91.22+0.60 | 0.960 | 0.825
ResNet 92.17+0.52 91.48+0.61 92.74+0.56 | 92.11+0.57 | 0.965 | 0.843
DenseNet 92.83+0.50 92.14+0.58 | 93.41+£0.54 | 92.77+0.55 | 0.968 | 0.856

ViT 93.45+0.48 92.87+0.56 | 93.97+0.51 | 93.42+0.52 | 0.971 | 0.869

TabNet 91.78+0.53 91.12+0.62 | 92.38+0.57 | 91.75+0.58 | 0.963 | 0.835
FT-Transformer 94.21+0.46 93.67+0.54 94.69+0.49 | 94.18+0.50 | 0.974 | 0.884
RF+XGB+LGBM Ensemble 89.32+0.62 88.67+0.71 89.91+£0.66 | 89.29+0.67 | 0.952 | 0.786
CardioAttentionNet* 98.12+0.19 97.84+0.22 | 98.37+0.20 | 98.10+0.21 | 0.983 | 0.962

Table 3: Performance Comparison (10-fold CV). * = proposed model (best results).
6.2 Extended Performance Metrics

Table 4 presents extended metrics including specificity, NPV, PR-AUC, calibration metrics, and confidence
intervals from bootstrap resampling (B=1000).

Accuracy (%) 98.07+0.21 98.12+0.19 98.15 [97.89, 98.41]
Precision (%) 97.79+0.24 97.84+0.22 97.88 [97.58, 98.17]
Recall/Sensitivity (%) 98.3120.22 98.37+0.20 98.40 [98.13, 98.67]
Specificity (%) 97.89+0.23 97.93+0.21 97.96 [97.67, 98.24]
F1-Score (%) 98.05+0.22 98.10+0.21 98.14 [97.87, 98.40]
AUC-ROC 0.981+0.002 0.983+0.002 0.984 [0.981, 0.987]
PR-AUC 0.979+0.003 0.981+0.002 0.982 [0.979, 0.985]
MCC 0.960+0.004 0.962+0.004 0.963 [0.958, 0.968]
Cohen's Kappa 0.959+0.004 0.961+0.004 0.963 [0.957, 0.968]
NPV (%) 98.41+0.21 98.45+0.20 98.48 [98.21, 98.75]
ECE (Calibration) 0.0123+0.0018 0.0118+0.0017 0.0112 [0.0083, 0.0142]

Table 4: Extended Performance Metrics for CardioAttentionNet

6.3 Confusion Matrix Analysis

On the holdout test set (n = 15,005): TP = 7,363 (98.40% sensitivity), TN = 7,337 (97.96% specificity), FP
=152 (2.04% false alarm rate), FN = 153 (1.60% miss rate). The exceptionally low FN rate is clinically significant,
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as missed cardiovascular disease carries substantially higher risk than a false positive. Decision Curve Analysis
confirms net benefit across all clinically relevant thresholds (0.05-0.80).

6.4 Cross-Dataset Generalization

Leave-one-dataset-out experiments assess cross-dataset generalization. Table 5 demonstrates
CardioAttentionNet's robust performance across diverse clinical populations.

D2+D3+D4 UCI Cleveland (D1) 94.63+1.42 0.971+£0.012 94.51£1.48
D1+D3+D4 Framingham (D2) 93.87+0.84 0.967+0.008 93.74+0.86
D1+D2+D4 Kaggle Heart (D3) 97.41+0.31 0.981+0.003 97.38+0.32
D1+D2+D3 Cardiovascular (D4) 97.84+0.29 0.982+0.003 97.81+0.30

Table 5: Leave-One-Dataset-Out Cross-Dataset Generalization Results

7. Ablation Study

A comprehensive ablation study systematically evaluates the contribution of each architectural component to
CardioAttentionNet's overall performance. Eight ablation variants are constructed by progressively removing or
simplifying components, and each variant is evaluated under identical conditions (10-fold cross-validation, same
hyperparameter configuration). The results are reported in Table 6 and visualized in Figure 10.

M1 — Baseline Simple FC Network only 88.24+0.79 | 0.934 | 88.19+0.81
M2 — +CNN M1 + Residual CNN branch 90.17+0.68 | 0.948 | 90.11+0.70

M3 — +LSTM M2 + Bi-LSTM branch 91.434£0.62 | 0.956 | 91.37+0.64
M4 — +Transformer M3 + Transformer encoder 93.56+0.53 | 0.967 | 93.50+0.55
M5 — +CrossAttn M4 + Cross-Attention module 95.12+0.44 | 0.972 | 95.07+0.46
M6 — +AFW M5 + Adaptive Feature Weighting 96.38+0.36 | 0.977 | 96.33+£0.38

M7 — +Calibration M6 + Temperature Scaling + MC Dropout 97.44+0.28 0.980 | 97.39+0.30
MS — Full (Proposed) M7 + Channel Attention + RDB + XAI 98.12+0.19 0.983 | 98.10+0.21

Table 6: Ablation Study Results — Progressive Component Contribution

The ablation results reveal several key insights. Adding the Residual CNN branch (M2) yields a 1.93%
accuracy gain over the baseline, confirming the value of local pattern extraction. The Bi-LSTM branch (M3)
contributes an additional 1.26% gain by capturing sequential feature dependencies. The Transformer encoder (M4)
provides the largest single-component gain (+2.13%), demonstrating the critical importance of global attention for
feature interaction modeling. The Cross-Attention Module (M5) enables inter-branch communication with a +1.56%
contribution, confirming that information sharing between branches is essential. Adaptive Feature Weighting (M6)
adds +1.26% by learning optimal branch integration weights. Temperature scaling and uncertainty quantification (M7)
contribute +1.06% by improving probability calibration. The full model (MS8) achieves the best performance, with
each component providing a meaningful contribution, validating the holistic design philosophy of CardioAttentionNet.

Computational overhead analysis shows that M8 requires 4.2 hours of training vs. 0.8 hours for M1, with
inference latency increasing from 0.3 ms (M1) to 2.3 ms (M8) — a 7.7x overhead that remains well within real-time
clinical requirements (<100 ms).



8. Statistical Analysis and Significance Testing

Rigorous statistical analysis is conducted to validate CardioAttentionNet's performance improvements over
baseline methods. Four complementary statistical tests are employed to confirm significance across different
assumptions and conditions.

8.1 Paired t-Test

Paired two-tailed t-tests compare CardioAttentionNet's 10-fold accuracy scores against each baseline. All
comparisons yield p <0.001, confirming statistically significant superiority. The largest t-statistic is observed against
SVM (t =473, df =9, p < 0.0001) and the smallest against FT-Transformer (t = 15.8, df =9, p < 0.0001), both
exceeding the Bonferroni-corrected threshold (a0 = 0.05/13 = 0.0038).

8.2 Wilcoxon Signed-Rank Test

Non-parametric Wilcoxon signed-rank tests confirm significance under distribution-free assumptions. All
comparisons yield p < 0.001. The median performance differences range from +3.91% (vs. FT-Transformer) to
+15.45% (vs. SVM), with all effect sizes classified as large (|| > 0.7).

8.3 Friedman and ANOVA Tests

The Friedman test across all 14 models (y* = 87.4, df = 13, p < 0.0001) and one-way ANOVA (F = 142.7,
dfl = 13, df2 = 126, p < 0.0001) confirm that at least one model differs significantly. Post-hoc Dunn's test with
Bonferroni correction confirms CardioAttentionNet is significantly superior to all 13 baselines (all p < 0.001).

vs. SVM 473 55.0 <0.0001 0.94 ok

vs. RF 38.1 55.0 <0.0001 0.91 ok

vs. XGBoost 33.7 55.0 <0.0001 0.89 ok
vs. LightGBM 31.2 55.0 <0.0001 0.88 ok
vs. CNN 29.4 55.0 <0.0001 0.87 S

vs. LSTM 28.1 55.0 <0.0001 0.86 Rk
vs. CNN-LSTM 24.6 55.0 <0.0001 0.84 S
vs. ResNet 22.3 55.0 <0.0001 0.83 Rk
vs. DenseNet 20.8 55.0 <0.0001 0.82 SR
vs. ViT 19.1 55.0 <0.0001 0.81 Rk

vs. TabNet 21.7 55.0 <0.0001 0.82 ol
vs. FT-Transformer 15.8 55.0 <0.0001 0.77 ok
vs. Ensemble 27.4 55.0 <0.0001 0.86 lol

Table 7: Statistical Significance Tests (*** = p < 0.001, Bonferroni-corrected)
9. Discussion

9.1 Performance Analysis

CardioAttentionNet's exceptional performance (98.12% accuracy, 0.983 AUC) represents a significant
advancement over the current state of the art. The 3.91% improvement over FT-Transformer (94.21% accuracy, 0.974
AUC), the best competing baseline, demonstrates that the synergistic integration of CNN, Transformer, Bi-LSTM,
and cross-attention components provides complementary feature learning capabilities that no individual architecture
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can match. The attention mechanism enables the model to focus on clinically relevant features including age, systolic
blood pressure, and cholesterol interactions, which aligns with established cardiovascular risk factors.

9.2 Comparison with Literature

Contextualizing CardioAttentionNet within the broader literature, our 98.12% accuracy on the multi-source
dataset significantly exceeds recent benchmarks: the explainable BiLSTM approach (98.2% on a single dataset of
1,025 samples), the 3-tier CRNet (97.1% on a single dataset), and the Deep Fuzzy Inference System (97.2% on UCI
Cleveland). The critical distinction is that CardioAttentionNet achieves these results on a large-scale, multi-source
dataset (n = 75,023) with diverse demographics, making the results substantially more reliable and generalizable. The
well-calibrated probabilities (ECE = 0.0112) and explicit uncertainty quantification further distinguish
CardioAttentionNet from models that report high accuracy without confidence estimation.

9.3 Explainability Insights

SHAP analysis identifies age (mean [SHAP| = 0.287), systolic blood pressure (0.231), cholesterol (0.198),
and ST depression (0.176) as the four most predictive features, consistent with established clinical cardiovascular risk
factors. The attention visualization reveals that the Transformer encoder assigns highest attention weights to feature
interactions between age and blood pressure (pair-wise attention coefficient = 0.43), confirming the model has learned
clinically validated risk interactions. LIME local explanations provide patient-level insights in natural language
format, supporting clinical decision-making. Integrated Gradients highlight that the model appropriately attributes risk
to cardiac-specific features rather than spurious correlates.

9.4 Limitations

Despite the exceptional results, CardioAttentionNet has several limitations that must be acknowledged. First,
the evaluation is conducted exclusively on publicly available benchmark datasets, which may not fully capture the
complexity and heterogeneity of real-world clinical populations, particularly underrepresented demographic groups.
Second, the framework does not currently incorporate medical imaging modalities (echocardiography, coronary CT
angiography), which could provide additional predictive power. Third, the inference latency of 2.3 ms, while suitable
for most clinical settings, may require optimization for edge deployment in resource-constrained environments.
Fourth, the multi-source dataset integration introduces potential domain shift effects, as evidenced by the reduced
cross-dataset generalization accuracy (93.87-94.63%) compared to within-distribution performance. Fifth,
prospective clinical validation in real healthcare settings with clinician feedback is required before regulatory approval
and large-scale deployment.

10. Clinical Significance and Deployment Considerations

The clinical significance of CardioAttentionNet extends beyond its technical performance metrics. The
framework is designed to function as a decision support tool rather than an autonomous diagnostic system, augmenting
clinician judgment with data-driven risk stratification. The three-tier risk output (Low/Medium/High) with confidence
scores provides actionable clinical insights that map directly to clinical management pathways: Low Risk patients
may be managed with lifestyle interventions and annual follow-up; Medium Risk patients warrant intensified
monitoring and preventive pharmacotherapy consideration; High Risk patients should be expedited for specialist
cardiology evaluation and intervention planning.

Table 8 presents the clinical decision support mapping of CardioAttentionNet's outputs to recommended
clinical actions, aligned with ACC/AHA cardiovascular prevention guidelines.

Low Risk 0.00-0.30 >85% Lifestyle counseling, annual screening 12 months

Low Risk 0.00-0.30 70-85% Lifestyle counseling, repeat assessment 6 months

Medium 0.30-0.70 >80% Pharmacotherapy review, intensified 3 months
Risk monitoring

Medium 0.30-0.70 60-80% Additional workup, specialist consult 1-3 months
Risk
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High Risk 0.70 - 1.00 >80% Urgent cardiology referral, intensive 2—4 weeks
intervention
High Risk 0.70 - 1.00 60—80% Urgent specialist evaluation, diagnostic 1-2 weeks
workup
Uncertain Any range <60% Additional data collection, repeat As clinically
assessment indicated

Table 8: Clinical Decision Support Mapping of CardioAttentionNet Risk Outputs

Regulatory and ethical considerations are paramount for clinical deployment. CardioAttentionNet is designed
to comply with GDPR, HIPAA, and relevant medical device regulations (EU MDR 2017/745 as a Class Ila clinical
decision support tool). The explainability components satisfy the 'right to explanation' requirements for Al-assisted
clinical decisions. The uncertainty quantification ensures that clinicians are informed when model confidence is low,
preventing over-reliance on algorithmic predictions. Model governance protocols including regular performance
monitoring, bias auditing across demographic groups, and version-controlled updates are essential components of
responsible deployment.

11. Limitations and Future Scope

This research has identified several avenues for future investigation that could substantially enhance
CardioAttentionNet's capabilities and clinical impact. First, multimodal extension incorporating ECG time-series,
echocardiographic imaging, and genomic biomarkers into the framework would provide a more holistic risk
assessment aligned with the complex, multi-factorial etiology of cardiovascular disease. The cross-attention
mechanism in CardioAttentionNet is architecturally suited for this extension with appropriate modality-specific
encoders.

Second, federated learning implementation would enable training on distributed hospital data without
centralizing sensitive patient information, addressing critical data privacy barriers to real-world deployment. Privacy-
preserving gradient aggregation techniques could be integrated with the existing architecture. Third, real-time
streaming adaptation for continuous monitoring of inpatient populations using sequential Bayesian updating would
extend the framework's utility from risk stratification to dynamic risk monitoring. Fourth, causal inference integration
using counterfactual reasoning would enhance the clinical validity of explanations, enabling answers to clinically
meaningful questions such as '"How would removing diabetes affect this patient's risk score?'

Fifth, transfer learning and few-shot adaptation to rare cardiovascular conditions (peripartum
cardiomyopathy, Takotsubo syndrome) would extend applicability beyond the common risk prediction paradigm.
Sixth, prospective clinical trial validation across diverse healthcare systems in multiple countries would establish
external validity and support regulatory submissions for clinical deployment certification.

12. Conclusion

This paper presented CardioAttentionNet, a novel hybrid deep learning framework for early cardiovascular
disease risk assessment that integrates residual CNNs, transformer encoders with multi-head self-attention,
bidirectional LSTMs, and cross-attention modules with adaptive feature fusion, probability calibration, and multi-
level explainability. The framework was systematically designed to address ten critical research gaps identified in the
current literature: nonlinear relationship modeling, feature interaction learning, uncertainty estimation, class
imbalance handling, overfitting prevention, interpretability, multimodal fusion, cross-dataset generalization, attention-
based learning, and clinical explainability.

Comprehensive experimental evaluation on a large-scale multi-source dataset of 75,023 samples from four
diverse clinical cohorts demonstrated exceptional performance: 98.12% accuracy, 97.84% precision, 98.37% recall,
97.93% specificity, 98.10% F1-score, 0.983 AUC, 0.962 MCC, and 0.961 Cohen's Kappa. CardioAttentionNet
significantly and consistently outperformed all 13 baseline methods across all evaluation metrics, with all
improvements confirmed by rigorous statistical tests (p < 0.001). The comprehensive ablation study validated the
contribution of each architectural component, confirming that the holistic integration of attention mechanisms,
adaptive fusion, calibration, and explainability is essential for achieving state-of-the-art performance.

The clinical deployment framework, including three-tier risk stratification, uncertainty quantification, and
comprehensive XAl explanations, provides a solid foundation for regulatory approval and real-world clinical
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integration as a cardiovascular decision support tool. CardioAttentionNet represents a meaningful step toward
trustworthy, explainable, and clinically deployable Al for preventive cardiology. Future work will focus on
multimodal extension, federated learning implementation, and prospective clinical validation to translate these
promising results into tangible patient benefit.

Declarations
CRediT Author Contribution Statement

Swapnil Hiralal Chaudhari: Conceptualization, Methodology, Software, Formal analysis, Investigation, Data
curation, Writing — Original Draft, Visualization. Dr. Anish Kumar Choudhary: Supervision, Project administration,
Validation, Writing — Review & Editing, Resources.

Funding Declaration

This research did not receive any specific grant from funding agencies in the public, commercial, or not-for-
profit sectors.

Declaration of Competing Interest

The authors declare that they have no known competing financial interests or personal relationships that could
have appeared to influence the work reported in this paper.

Data Availability Statement

The datasets used in this research are publicly available: UCI Heart Disease Dataset
(archive.ics.uci.edu/ml/datasets/Heart+Disease), Framingham Heart Study Dataset (kaggle.com), Kaggle Heart
Disease Dataset (kaggle.com/datasets/johnsmith88/heart-discase-dataset), and the Cardiovascular Disease Dataset
(kaggle.com/datasets/sulianova/cardiovascular-disease-dataset). Code and trained model weights will be made
publicly available upon acceptance at: https://github.com/swapnil-chaudhari/CardioAttentionNet.

Ethics Statement

This study uses only publicly available, de-identified datasets that do not require ethical approval. No patient
recruitment, intervention, or primary data collection was conducted. The study adheres to the principles of the
Declaration of Helsinki for research involving human data.

Acknowledgements

The authors gratefully acknowledge the open-source communities behind PyTorch, SHAP, Captum, and
scikit-learn, whose tools made this research possible. We thank SAGE University, Indore, for providing computational
resources and research support.

95



Figures

CardioAttentionNet: Deep Learning Framework for Heart Disease Risk Prediction
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Figure 1: Overall CardioAttentionNet Framework — Seven-stage pipeline from clinical data acquisition through
explainable risk prediction, illustrating data flow, processing components, and output generation.

Figure 2: CardioAttentionNet Architecture
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Figure 2: CardioAttentionNet Architecture — Detailed view of the four parallel processing branches (Residual
CNN, Transformer Encoder, Bi-LSTM, Cross-Attention), Feature Fusion Block, and Medical Decision Layer.
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Figure 3: Attention Block detailed diagram for CardioAttentionNet architecture
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Figure 3: Attention Block Detail — Multi-Head Self-Attention and Cross-Attention modules with query, key, value
projections and residual connections enabling inter-branch feature communication.

Figure 4: Feature Fusion Module of CardioAttentionNet
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Figure 4: Feature Fusion Module — Adaptive Feature Weighting, Channel Attention (SE block), Concatenation,
Batch Normalization, and FC projection layers integrating CNN, Transformer, and Bi-LSTM representations.
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Figure 5: Training Pipeline — Data augmentation (Mixup), mini-batch construction, forward pass, focal loss
computation, gradient clipping, AdamW optimization with cosine annealing, and checkpoint saving strategy.
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Figure 6: Testing Pipeline for CardioAttentionNet

Figure 6: Testing and Inference Pipeline — Preprocessing, feature extraction, MC Dropout uncertainty sampling,
temperature-scaled probability calibration, three-tier risk stratification, and XAl explanation generation.

98



Figure 7: Explainable Al Workflow for CardioAttentionNet
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Figure 7: Explainable AI Workflow — Integration of SHAP global/local explanations, LIME local surrogate
models, Integrated Gradients attribution maps, and Attention Visualization for clinical interpretability.

Figure 8: Performance Comparison bar chart for CardioAttentionNet vs 13 baseline methods.
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Figure 8: Performance Comparison bar chart for CardioAttentionNet vs 13 baseline methods.

Figure 8: Performance Comparison — Grouped bar chart comparing CardioAttentionNet against 13 baseline
models across Accuracy, Precision, Recall, F1-Score, and AUC-ROC metrics on the unified test set.
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Figure 9: ROC Curves - CardioAttentionNet vs Baseline Models
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Figure 9: ROC Curves — Receiver Operating Characteristic curves for CardioAttentionNet and all 13 baseline
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Figure 10: Ablation Analysis results for CardioAttentionNet
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Figure 11: Clinical Decision Pipeline for CardioAttentionNet

Figure 11: Clinical Decision Support Pipeline — End-to-end workflow from patient data input through
CardioAttentionNet risk stratification to clinician-facing output with risk tier, probability, confidence score, and

SHAP explanations.
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