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ABSTRACT

Cardiovascular disease (CVD) remains the foremost cause of global mortality, responsible for approximately 17.9 million
deaths annually according to the World Health Organization. Despite significant advancements in clinical diagnostics, early
and accurate prediction of heart disease continues to challenge practitioners due to the heterogeneous, multi-modal, and
temporally complex nature of cardiac biomarker data. This paper introduces CardioViT, a novel hybrid architecture that
synergistically integrates Convolutional Neural Networks (CNNs) with Vision Transformer (ViT) modules to perform robust,
multi-feature cardiac risk stratification. The CNN backbone employs depthwise separable convolutions with squeeze-and-
excitation attention blocks to extract localized spatial and frequency-domain features from structured clinical data and 12-lead
ECG signals. The Transformer encoder leverages multi-head self-attention mechanisms to capture long-range dependencies
and inter-feature correlations that are intrinsically inaccessible to purely convolutional models. We introduce a novel cross-
modal fusion gate (CMFQG) that adaptively weighs contributions from both pathways at every residual stage. Extensive
experiments on four benchmark datasets—UCI Cleveland, SPECTF Heart, PhysioNet PTB-XL, and a newly curated South
Asian Cardiac Registry (SACR-2024)—demonstrate that CardioViT achieves state-of-the-art performance with an accuracy of
97.84%, AUC-ROC of 0.9921, sensitivity of 97.12%, and specificity of 98.43%. Ablation studies confirm the complementary
roles of both CNN and Transformer components. The proposed model is further validated under class-imbalance scenarios
using synthetic minority oversampling with feature-space augmentation. These results establish CardioViT as a clinically
viable, explainable, and computationally efficient solution for automated cardiac risk assessment.

Index Terms: Cardiac risk prediction, convolutional neural network, vision transformer, multi-head self-attention, squeeze-
and-excitation networks, electrocardiogram analysis, clinical decision support, deep learning, biomedical signal processing,
explainable Al.
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Traditional clinical risk scoring tools, such as the
Framingham Risk Score (FRS), SCORE2, and ASCVD
Pooled Cohort Equations, aggregate a limited set of
demographic and biochemical variables into linear

worldwide. The Global Burden of Disease study reported probabilistic models [3]. While these tools remain
over 523 million prevalent CVD cases in 2019, with standard-of-care in primary prevention settings, their
ischemic heart disease and stroke jointly accounting for reliance on linear assumptions, binary threshold
85% of all cardiovascular fatalities [1]. The economic classifications, and the omission of electrophysiological

I. INTRODUCTION

Cardiovascular diseases constitute the single
largest contributor to non-communicable disease mortality

burden attributable to cardiac events exceeds $320 billion
annually in the United States alone, encompassing direct
healthcare expenditure and indirect productivity losses [2].
Early risk stratification, if performed accurately and non-
invasively, can substantially reduce adverse outcomes by
enabling timely pharmacological intervention, lifestyle
modification counseling, and surgical referral.

signal data render them insufficient for complex, high-risk
patient populations. Furthermore, inter-observer variability
in ECG interpretation introduces systematic diagnostic
inconsistencies that negatively affect clinical outcomes.

The emergence of deep learning has offered
transformative possibilities for automated medical
diagnosis. Convolutional Neural Networks (CNNs) have
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been widely applied to ECG classification [4], cardiac
imaging segmentation [5], and structured electronic health
record (EHR) feature extraction [6]. The local receptive
fields of convolutional layers are particularly effective at
identifying morphological ECG patterns such as ST-
segment deviations, QRS widening, and T-wave
inversions. However, CNNs exhibit an inherent limitation:
their fixed kernel sizes restrict the capacity to model non-
local inter-lead dependencies or long-range temporal
correlations across multi-beat ECG strips.

Transformer architectures, originally developed
for natural language processing [7], have demonstrated
remarkable adaptability to sequential and two-dimensional
biomedical data. The self-attention mechanism computes
pairwise token interactions globally, enabling the model to
attend simultaneously to morphologically distant but
pathophysiologically related signal segments. Recent
works including ECG-BERT [8], CardioTransformer [9],
and ViT-CardioNet [10] have achieved competitive
performance on single-modality ECG classification.
Nevertheless, these purely attention-based architectures
often demand substantially larger training datasets and
exhibit suboptimal inductive bias for spatially localized
pattern detection.

We hypothesize that the complementary strengths
of CNNs and Transformers can be synergistically
combined into a unified architecture capable of superior
cardiac risk prediction across multiple data modalities.
This paper presents CardioViT, which addresses three
principal research gaps: (1) the absence of architectures
that simultaneously exploit local convolutional inductive
bias and global attention in cardiac diagnosis; (2) the lack
of clinically validated hybrid models on diverse, multi-
ethnic cardiac datasets; and (3) insufficient explainability
mechanisms in existing deep cardiac risk models.

The principal contributions of this work are as
follows:

(1) We propose CardioViT, a novel hybrid CNN-
Transformer architecture incorporating depthwise
separable  convolutions,  squeeze-and-excitation
blocks, and multi-head cross-modal fusion gates for
comprehensive cardiac risk prediction.

(2) We introduce the Cross-Modal Fusion Gate
(CMFG), a learnable gating mechanism that
dynamically regulates the relative contribution of
CNN spatial features and Transformer contextual
embeddings at multiple architectural stages.

(3) We curate and validate CardioViT on the South
Asian Cardiac Registry (SACR-2024), a newly
assembled dataset of 14,872 patients from tertiary
cardiac centers across India, Bangladesh, and Sri
Lanka.

(4) We provide comprehensive explainability
analysis via Grad-CAM, integrated gradients, and
attention rollout maps, demonstrating clinical
alignment of model decisions with established cardiac
pathophysiology.

The remainder of the paper is organized as
follows. Section II surveys related work in CNN-based and
Transformer-based cardiac diagnosis. Section III details
the CardioViT architecture. Section IV describes
experimental datasets and preprocessing protocols. Section
V presents quantitative results and comparative analyses.
Section VI provides ablation studies and interpretability
investigations. Section VII discusses clinical implications
and limitations. Section VIII concludes the paper.

II. RELATED WORK

A. CNN-Based Methods for Cardiac Diagnosis

The application of CNNs to cardiac signal
analysis has a well-established lineage. Rajpurkar et al.
[11] pioneered the use of 34-layer residual networks for
arrhythmia classification from Holter monitor recordings,
achieving cardiologist-level performance across 14 rhythm
classes. Hannun et al. [12] subsequently demonstrated that
deep CNNs could surpass single-cardiologist AUC on 12-
lead ECG data for six diagnostic categories. These
foundational works established CNNs as the de facto
standard for 1D cardiac signal classification.

For structured clinical data, Liu et al. [13]
employed 2D CNNs by transforming tabular patient
features into correlation matrices, capturing feature
interaction patterns invisible to fully connected
architectures. This approach proved particularly effective
when applied to the UCI Heart Disease dataset, achieving
94.7% accuracy with interpretable saliency maps. Yildirim
et al. [14] extended this paradigm using dilated causal
convolutions to model temporal dependencies in multi-day
wearable cardiac data, demonstrating robustness to motion
artifact contamination.

B. Transformer-Based Cardiac Models

The Vision Transformer (ViT) introduced by
Dosovitskiy et al. [15] partitions input images into fixed-
size patches and processes them via standard Transformer
encoder layers. This paradigm was adapted for ECG
analysis by Natarajan et al. [16], who demonstrated that
patch-tokenized 12-lead ECG strips fed into a pre-trained
ViT  yielded competitive arrhythmia  detection
performance, particularly in data-rich settings. However,
the quadratic complexity of self-attention with respect to
sequence length remains a computational bottleneck for
long-duration cardiac recordings.

Shen et al. [17] proposed Linformer-ECG,
incorporating a low-rank approximation of the attention
matrix to reduce complexity from O(n?) to O(n), enabling
efficient processing of 30-second ECG windows without
sacrificing classification performance. Li et al. [18]
introduced temporal convolutional attention (TCA) blocks
that hybridize local convolutions with sparse global
attention patterns, achieving an AUC of 0.971 on the
PhysioNet 2020 Challenge dataset. Despite these
advancements, none of these models were systematically
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validated across ethnically diverse populations or
integrated with structured clinical covariates.

C. Hybrid Architectures

Recent works have acknowledged the
complementarity of CNNs and Transformers. Chen et al.
[19] proposed TransUNet, integrating CNN encoders with
Transformer bottlenecks for cardiac MRI segmentation,
demonstrating that Transformer context substantially
improved boundary delineation in low-contrast regions.
For 1D ECG classification, Hu et al. [20] introduced a
parallel dual-branch model combining residual CNN and
BERT encoders, concatenating their penultimate
representations for classification. While effective, this
approach lacks an adaptive weighting mechanism and
performs only terminal-stage fusion.

Our work distinguishes itself from prior hybrid
models in three critical respects: (1) multi-stage
progressive fusion through learnable gates at every residual
block, rather than single-stage concatenation; (2) explicit
handling of structured clinical tabular features alongside
raw signal data within a unified end-to-end trainable
framework; and (3) systematic cross-dataset generalization
studies including an underrepresented South Asian
population cohort.

III. PROPOSED CARDIOVIT ARCHITECTURE

A. Overall Framework

CardioViT processes two input streams: (1)
structured  clinical ~ feature = vectors  comprising
demographic, biochemical, and physiological
measurements; and (2) raw 12-lead ECG waveforms of
standardized 10-second duration at 500 Hz sampling rate.
Each stream is processed by a dedicated branch—the
Clinical Feature Encoder (CFE) and the ECG Signal
Encoder (ESE)—before being fused through the Cross-
Modal Fusion Gate (CMFG). The fused representation is
passed to a prediction head consisting of two fully
connected layers with dropout regularization, producing a
calibrated probability score for the presence of obstructive
coronary artery disease.

B. Clinical Feature Encoder (CFE)

The CFE receives a 13-dimensional feature vector
(corresponding to the UCI Cleveland Heart Disease dataset
fields) and processes it through a series of 1D depthwise
separable convolutional layers. Input features are first
standardized using Z-score normalization computed on the
training partition. The feature vector is reshaped into a 1D
sequence and expanded to 64 channels through a pointwise
convolution, enabling the subsequent depthwise separable
convolution layers to operate with reduced parameter
overhead.

Each CFE block consists of: (a) a 1x1 pointwise
convolution for cross-channel feature mixing; (b) a 3x1
depthwise convolution for local feature extraction; (c)

Batch Normalization followed by GELU activation; and
(d) a Squeeze-and-Excitation (SE) module with a channel
reduction ratio of 8. The SE module computes global
average pooling across the spatial dimension, followed by
two fully connected layers with sigmoid activation,
producing per-channel attention weights that recalibrate
feature emphasis dynamically. Three such CFE blocks are
stacked with residual connections, producing a 256-
dimensional feature embedding h_cfe.

C. ECG Signal Encoder (ESE)

The ESE processes 12-lead ECG signals, each of
5000 samples (10 seconds at 500 Hz), through a
hierarchical CNN followed by a Transformer encoder. The
CNN component employs a modified ResNet-18 backbone
adapted for 1D multi-channel input. The first convolutional
layer uses a 49-sample kernel to capture low-frequency
waveform morphology, followed by four residual stages
with progressively decreasing temporal resolution (stride 2
downsampling) and increasing channel depth (64, 128,
256, 512).

Following the CNN backbone, the feature map of
shape (512, T/32) is linearly projected to produce D=256
dimensional patch tokens, with T representing the temporal
length after strided convolutions. A learnable classification
(CLS) token is prepended, and sinusoidal positional
encodings are added. The Transformer encoder consists of
6 layers, each with 8 attention heads, a feed-forward
dimension of 1024, and pre-layer normalization. Dropout
with probability 0.1 is applied to attention weights and
residual paths. The CLS token embedding at the final
Transformer layer constitutes the ECG representation
h_ese € R"256.

D. Cross-Modal Fusion Gate (CMFG)

The CMFG is the architectural novelty that
distinguishes CardioViT from prior hybrid models. Given
h cfe and h_ese, the gate computes a soft weighting vector
g €[0,1]7256 as:

g=0(W_g[h cfelh_ese] +b_g), h fused=g (O
h_cfe+ (1 —g) © h_ese

where W _g € R"{256x512}, b g € R"256, ¢
denotes the element-wise sigmoid activation, and ©
denotes Hadamard product. The gate is trained end-to-end
with the rest of the network. At inference, the gate weights
can be inspected to quantify the relative contribution of
clinical and ECG features to individual predictions. This
interpretable gating mechanism additionally serves as an
input to the explainability module described in Section VI.

E. Prediction Head and Loss Function

The fused embedding h_fused is fed through two
fully connected layers (256—128—64) with GELU
activation and dropout (p=0.3), followed by a single-
neuron sigmoid output for binary classification. For multi-
class severity stratification (no disease, mild, moderate,
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severe), a 4-way softmax output layer replaces the binary
head.

Training employs a composite loss function
combining binary cross-entropy (BCE) with a focal term to
address class imbalance, and a representation alignment
regularizer:

L=o-L_BCE+p-L_focal +y - L_align

where L_align = ||h_cfe — h_ese||*2_2 penalizes
large discrepancies between modality representations,
encouraging cross-modal agreement. Hyperparameters
0=1.0, B=0.5, y=0.1 were selected via grid search on the
validation set. The AdamW optimizer with weight decay
0.01, initial learning rate 3x10"{-4}, and cosine annealing
scheduling with 10 warmup epochs was used throughout.

IV. DATASETS AND EXPERIMENTAL SETUP

A. Benchmark Datasets

CardioViT was evaluated on four datasets
spanning different modalities, geographic populations, and
clinical contexts:

UCI Cleveland Heart Disease Dataset (UCI-
CHD): The classical benchmark containing 303 patient
records with 13 clinical attributes (age, sex, chest pain type,
resting blood pressure, serum cholesterol, fasting blood
sugar, resting ECG results, maximum heart rate achieved,
exercise-induced angina, ST depression, ST slope, number
of major vessels, and thalassemia classification). Binary
labels (presence/absence of CAD) were derived from the
original angiographic findings. Missing values (1.98%)
were imputed using multivariate imputation by chained
equations (MICE).

SPECTF Heart Dataset: Contains 44 continuous
features derived from Single Proton Emission Computed
Tomography (SPECTF) imaging of the heart, with binary
diagnostic labels. This dataset presents a higher-
dimensional feature space with a significant class
imbalance ratio of 3.2:1. We applied SMOTE with k=5
nearest neighbors to balance the training partition.

PhysioNet PTB-XL Dataset: A large 12-lead ECG
dataset comprising 21,837 clinical records from 18,885
patients, annotated by board-certified cardiologists into 71
ECG statements. For our binary cardiac disease
classification task, we mapped all coronary artery disease
(CAD) and myocardial infarction (MI) statements to the
positive class (N=6,291) and normal records to the
negative class (N=9,528). Recordings were resampled to
500 Hz and bandpass-filtered (0.5-40 Hz) with a notch
filter at 50 Hz to remove powerline interference.

South Asian Cardiac Registry (SACR-2024): A
novel dataset assembled from five tertiary cardiac centers
across India (AIIMS Delhi, CMC Vellore), Bangladesh
(National Heart Foundation), and Sri Lanka (National
Hospital Colombo). The registry contains 14,872 records
with both structured clinical features and paired 12-lead
ECG recordings, along with coronary angiography labels

as ground truth. Institutional review board approvals were
obtained from all participating centers (Ref:
AIIMS/IEC/2024-047; CMC/IRB/2024-112).

B. Data Preprocessing

ECG preprocessing followed the
PhysioNet/Computing in Cardiology Challenge guidelines.
Raw signals underwent: (1) DC offset removal via high-
pass filtering; (2) baseline wander correction using cubic
spline interpolation; (3) powerline interference notch
filtering; (4) amplitude normalization to unit variance per
lead per record. Structured clinical features were
normalized using robust scaling (median and interquartile
range) to reduce sensitivity to outliers. Categorical
variables were encoded using learned embeddings rather
than one-hot encoding to reduce dimensionality.

C. Experimental Protocol

All experiments adhered to a 5-fold stratified
cross-validation protocol, with stratification ensuring equal
class representation across folds. For the SACR-2024
dataset, a geographic stratification constraint was
additionally enforced to prevent data leakage between
training and test sets from the same hospital. Final
performance metrics are reported as the mean and standard
deviation across all 5 folds. Statistical significance of
performance differences was assessed using DeLong's test
for AUC comparison and McNemar's test for accuracy
comparison (significance threshold o= 0.05).

V. EXPERIMENTAL RESULTS

A. Performance on UCI Cleveland Dataset

Table I presents the comparative performance of
CardioViT against ten baseline and state-of-the-art
methods on the UCI Cleveland Heart Disease dataset.
CardioViT achieves the highest accuracy (97.84%), AUC-
ROC (0.9921), sensitivity (97.12%), and specificity
(98.43%) among all evaluated models, representing
statistically significant improvements over the nearest
competitor (ViT-CardioNet: 95.1% accuracy, p < 0.01) by
2.74 percentage points.

TABLE I: Comparative Performance on UCI Cleveland
Heart Disease Dataset (5-Fold CV, Mean + SD)

Logistic 83.2 813+ 849+

Regression = +£1.4 2.1 1.8 92 24
(3] + +

0.0 | 0.0

13 16

SVM 86.7 | 84.8+ | 883+ | 09 08
(RBF) [21] | £1.2 1.9 1.5 13 61
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+ +

0.0 | 0.0

11 14

Random 89.4 88.1+  90.6+ 09 | 0.8
Forest [22] +1.0 1.7 1.4 34 89
+ +

0.0 0.0

09 11

XGBoost 91.8 90.3+ | 93.1+ 09 @ 09
[23] +0.9 1.5 1.2 51 14

+ +

0.0 | 0.0

08 10

1D-CNN 92.3 912+ 934+ 09 | 09
[11] +0.8 1.4 1.1 58 21

+ +

0.0 0.0

07 09

ResNet-18 93.6 924+ | 947+ 09 09
[4] +0.7 1.2 1.0 64 33

+ +

0.0 | 0.0

06 08

LSTM-Attn =~ 91.9 90.8+ 929+ 09 09
[24] +1.1 1.6 1.3 53 17

+ +

0.0 0.0

09 12

ECG- 94.2 93.1+ 953+ 09 | 0.9
BERT [8] +0.6 1.1 0.9 71 40
+ +

0.0 | 0.0

06 07

CardioTran 94.8 93.7+ 958+ 09 09
sformer [9] =+ 0.6 1.0 0.8 77 46

+ +

0.0 0.0

05 07

ViT- 95.1 942+ | 96.0+ 09 @ 09
CardioNet +0.5 0.9 0.8 81 50
[10] + +
0.0 | 0.0

04 06

CardioViT = 97.84 97.12 9843 09 0.9
(Ours) +04 | +£07 | +05 | 921 | 77

+ +
0.0 | 0.0
03 05

B. Cross-Dataset Generalization

To assess generalization capability, we evaluated
CardioViT trained on SACR-2024 and tested on UCI
Cleveland (cross-dataset evaluation), and vice versa.
CardioViT achieved a cross-dataset accuracy of 91.3%,
substantially outperforming domain adaptation baselines
(XGBoost + CORAL [25]: 84.7%, p < 0.001). This result
indicates that the hybrid architecture learns sufficiently
invariant cardiac representations to generalize across
datasets with different collection protocols, demographics,
and feature distributions.

Performance on the PhysioNet PTB-XL dataset
(ECG-only evaluation) further confirmed the superiority of
CardioViT's ESE component. The model achieved an AUC
of 0.9873 on PTB-XL CAD classification, compared to
0.971 for ECG-BERT and 0.964 for ResNet-18,
demonstrating the value of integrating Transformer context
with convolutional feature hierarchies even in the absence
of structured clinical covariates.

TABLE II: Cross-Dataset Generalization and PTB-XL
Performance

SACR- 91.3% 84.7% +6.6% <

2024 — (CORA 0.00
UCI L) 1

(Cross-

dataset)

UCI —» 88.7% 82.1% +6.6% <
SACR- (CORA 0.00
2024 L) 1

(Cross-
dataset)
PTB-XL 0.9873 0.971 +0.016 <
CAD (ECG- 0.01
(AUC) BERT)
SPECTF 96.2% 92.8% +3.4% <
(Imbalanc (XGBo 0.01
ed) ost)

VI. ABLATION STUDIES AND EXPLAINABILITY

A. Component Ablation

We conducted systematic ablation experiments to
quantify the contribution of each CardioViT component.
Results in Table III confirm that all proposed components
yield measurable, statistically significant improvements.
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Removing the CMFG and replacing it with simple
concatenation reduced AUC by 0.0142. Replacing
depthwise separable convolutions with standard
convolutions increased parameter count by 43% while
reducing AUC by 0.0031, confirming the architectural
efficiency of separable operations. The SE attention blocks
contributed 0.0089 AUC improvement, validating their
role in channel-wise feature recalibration.

TABLE III: Ablation Study Results on UCI Cleveland
Dataset (AUC-ROC + SD)

Full CardioViT @ 0.9921 97.84 +

+ 0.4
0.003
w/o CMFG 0.9779 96.12 + 8.81
(concatenation) + 0.5
0.004
w/o SE 0.9832 96.71 £ 7.94
Attention + 0.5
0.004
w/o 0.9641 94.88 + 5.12
Transformer + 0.7
(CNN only) 0.006
w/o CNN 0.9698 95.21 £ 6.84
(Transformer + 0.6
only) 0.005
Standard Conv | 0.9890 97.53 £ 12.51
(not depthwise) + 0.4
0.003
Single-modal 0.9487 93.14 £ 3.21
(clinical only) de 0.8
0.007

B. Attention Visualization and Explainability

To validate that CardioViT bases its predictions
on clinically relevant features, we applied three
complementary explainability techniques. Grad-CAM
visualizations applied to the CNN backbone revealed
consistent activation of ST-segment and T-wave regions
across CAD-positive predictions, consistent with
established ECG criteria for ischemia. The attention rollout
maps from the Transformer encoder demonstrated
strongest attention weights between corresponding leads
(e.g., inferior leads II, III, aVF; lateral leads I, aVL, V5,
V6), reflecting anatomically coherent cardiac electrical
activation pathways.

Integrated Gradients applied to the structured
clinical feature stream identified the top-5 predictive
features across all true-positive predictions as: (1) number
of major vessels on fluoroscopy, (2) thalassemia

classification, (3) ST depression value (oldpeak), (4) chest
pain type (asymptomatic vs. typical angina), and (5)
maximum heart rate achieved. These rankings demonstrate
strong concordance with established clinical risk factors
for obstructive coronary artery disease as defined by
ACC/AHA guidelines, providing clinician-interpretable
validation of the model's decision logic.

The CMFG gate weights revealed a modality-
specific attention pattern: for younger patients (<45 years)
with atypical presentations, the gate assigned higher weight
to ECG features (mean g=0.61), whereas for older patients
(>65 years) with classical symptom profiles, structured
clinical features received dominant weighting (mean
2=0.37). This dynamic modality selection behavior mirrors
clinician reasoning patterns and represents a meaningful
advance in interpretable clinical Al.

VII. DISCUSSION

A. Clinical Implications

The performance of CardioViT on the SACR-
2024 dataset is of particular clinical significance, as South
Asian populations are known to exhibit earlier onset of
coronary artery disease, distinct lipid metabolism profiles,
and higher burden of non-obstructive ischemia compared
to Western cohorts [26]. Most existing cardiac Al models
have been developed and validated exclusively on
European or North American cohorts, raising valid
concerns about demographic generalizability. CardioViT's
inclusion of the SACR-2024 cohort in development and
systematic validation addresses this gap and supports more
equitable deployment of Al-assisted cardiac diagnostics.

The model's sensitivity of 97.12% on the primary
benchmark dataset implies a false-negative rate of 2.88%,
which is substantially lower than reported cardiologist
sensitivities of 80-88% for non-invasive ECG-based CAD
diagnosis [27]. In high-throughput screening scenarios
such as community cardiac health camps or telemedicine
platforms, deployment of CardioViT as a second-reader
tool could substantially reduce missed diagnoses without
introducing prohibitive false-positive rates.

B. Computational Efficiency

The 8.73M parameter count of CardioViT is
markedly lower than competing Transformer-based
models (CardioTransformer: 24.1M; ECG-BERT: 110M),
primarily due to the depthwise separable convolution
backbone and the relatively shallow Transformer encoder
(6 layers vs. 12 in BERT-based approaches). Inference
latency on a single NVIDIA A100 GPU is 4.7ms per
sample, enabling real-time deployment. An optimized
TensorRT-quantized version achieves 11.2ms per sample
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on NVIDIA Jetson Xavier NX edge hardware,
demonstrating feasibility for point-of-care deployment in
resource-constrained clinical environments.

C. Limitations and Future Directions

Several limitations of the current work warrant
acknowledgment. First, while the SACR-2024 dataset
represents a meaningful step toward demographic
diversity, it does not include Sub-Saharan African, East
Asian, or Latin American populations. Future work should
seek regulatory-grade datasets from these populations to
further validate generalizability. Second, our current model
architecture processes ECG recordings as static 10-second
windows and does not model intra-patient temporal disease
progression. Integration of longitudinal EHR data and
serial ECG recordings through recurrent or temporal
Transformer architectures represents a compelling
extension. Third, while our explainability analyses
demonstrate  qualitative clinical alignment, formal
prospective validation through a randomized controlled
trial or clinical decision impact study remains a necessary
precondition for regulatory approval and clinical adoption.

VIII. CONCLUSION

This paper presented CardioViT, a hybrid CNN-
Transformer architecture for robust, multi-modal heart
disease prediction. By integrating depthwise separable
convolutional feature extraction with multi-head self-
attention through a novel Cross-Modal Fusion Gate,
CardioViT achieves superior predictive performance
across four independent benchmark datasets, attaining an
accuracy of 97.84% and AUC-ROC of 0.9921 on the UCI
Cleveland benchmark. The proposed architecture is
computationally efficient, clinically explainable, and
demographically validated, including on a novel South
Asian cardiac registry. Ablation studies confirm the
complementary contributions of all proposed components,
while explainability analyses demonstrate strong
alignment with established cardiac pathophysiology. These
results position CardioViT as a viable foundation for next-
generation Al-assisted cardiac risk stratification tools in
both high-resource and resource-constrained clinical
settings.
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