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Abstract—Congenital heart disease (CHD) persists as a dominant
source of infant disease and demise. Although transthoracic
echocardiography (TTE) is essential for screening CHD, expert-
level recognition remains limited in many clinical settings. We
recommend CardioViT-CAM, a two-stage learning framework
that integrates a self-supervised learning method, Mask
Autoencoder (MAE) pre-training for feature representation, and
supervised vision transformer (ViT-B/16) fine-tuning for
automated CHD classification. Our approach leverages 74,000
unlabelled echocardiographic frames for pretraining and 6,000
labelled images for three-class classification (ASD, VSD, AVSD).
Grad-Cam++ visualization provides understandable heatmaps
that emphasize defects of diagnostic cardiac regions. CardioViT-
CAM achieved 97.03% accuracy, 97.04% precision, 97.03%
recall, and 97.03% F1-Score, representing strong diagnostic
performance and interpretability for clinical decision support.

Keywords— Computer Vision, Self-Supervised Learning, Vision
Transformer, Congenital Heart Disease, Grad-Cam++,
Echocardiography.

I. INTRODUCTION

Congenital heart disease (CHD) remains a substantial
worldwide health burden, affecting millions of newborns each
year. It is the most common and frequently severe birth
anomaly globally, with a prevalence of 7 to 12 in 1000
newborn babies (1, 2, 3 and can take a heavy health and
financial load on patients. Universally, approximately 1.35
million children are born with CHD every year. CHDs are one
of the world's most common congenital anomalies and, thus, a
substantial international health issue. CHD occurrence is
higher in Asia at 9.3 per 10,000 live births, compared with
Europe at 8.2 and Africa at 1.9 (4). The updated diagnoses,
treatment, and most common types of CHD include Atrial
Septal Defects (ASD), Ventricular Septal Defects (VSD), and
Atrioventricular Septal Defects (AVSD) (5). Two-dimensional
(2D) and colour Doppler ultrasound methods provide
individual echocardiographic information essential for
understanding the positions of cardiac structures and the blood
flow dynamics and function in a CHD. CHD has visible,
significant features in both 2D and Doppler TTEs, easing the
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diagnosis of CHD. However, for experienced cardiac
sonographers, the recognition of ASD, VSD, and AVSD can
be challenging to diagnose and may result in missing the first
screening diagnosis. Recent research has proven the capability
of computer vision procedures, such as Convolutional Neural
Networks (CNNGs), to advance CHD analysis and forecasting
(6). Deep Learning (DL) is one of the most innovative
technologies in Artificial Intelligence. DL algorithms running
on high-performance computing systems deliver robust results
in medical image analysis, such as segmentation and
classification (7). Using Al to detect CHD presents challenges,
such as the requirement for a huge amount of high-quality
data and the complex validation of algorithms; however, Al is
likely to be wuseful for improving the diagnosis, and
representing the issue success in a clinical background,
enhancing the usefulness of routine screening (8, 9, 10) to
accurately classify ASD 2 closure and suggest treatment
strategies, guide cardiologists in making decisions (11).

To address these challenges, the study proposes
CardioViT-CAM, a novel two-stage deep learning pipeline
for explainable CHD classification.

e Pretrain a Vision Transformer (ViT) applying
Masked Autoencoder (MAE) on unlabeled
echocardiographic frames to discover common
cardiac feature representations.

e Fine-tune the pretrained ViT for supervised three-
class CHD classification (ASD, VSD, AVSD).

e Apply Grad-CAM++ to generate class-specific
heatmaps that localise and visualise diagnostic-
relevant cardiac regions.

II. RELATED WORKS

This section reviews ongoing work in CHD recognition and
summarizes related research in medical imaging and artificial
intelligence. Liu et al. (12) proposed several instance-learning
models for detecting only one class of atrial septal defects
(ASD) in children's ultrasound videos, achieving an accuracy
of 83.04%. At the same time, Wang et al. (13) developed a
deep learning framework for automated clarification of CHD
from an echocardiogram, achieving an accuracy of 92.3% for
three-class classification: Atrial Septal Defects (ASD),
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Ventricular Septal Defects (VSD), and normal. Hong et al. (14)
developed a convolutional neural network model for
secundum atrial septal defects in children, with a color
echocardiography accuracy of 91.8%. Jiang et al. (15)
introduced a deep learning—based method that employs seven
standard pediatric echocardiographic views to detect CHD,
accomplishing an accuracy of 92.3%. Day et al. (16)
demonstrated  that integrating Al into  clinicians'
echocardiographic  ultrasound images could improve
diagnostic accuracy for AVSD. They found that providing Al
ideas significantly improved overall accuracy to 86.5%,
including by adding a model confidence score and Grad-CAM.
Szijarto et al. (17) suggested a masked autoencoder
customized for medical ultrasound videos, focusing on
clinically related regions, to improve pre-training efficiency.
Dosovitskiy et al. (18) introduced Vision Transformer (ViT)
and demonstrated that transformers can surpass CNNs in
image identification. ViTs outperform by highlighting popular
techniques such as attention maps and Grad-CAM (19), and
Matsoukas et al. (20) questioned whether transformers can
replace CNNs for medical image analysis, making them a
strong option for medical imaging with partial-label data.
Overall, these studies emphasize that, compared to
conventional methodologies, the growing shift towards
transformer-based and self-supervised learning frameworks is
more competent in limited-data and poor-generalization cases
for medical imaging tasks.

III. DATASET

In this study, we wused a private transthoracic
echocardiography (TTE) video dataset collected at Lady
Reading Hospital, Pakistan, between 2022 and 2024,
concentrating on three congenital heart disease (CHD)
categories: Atrial Septal Defect (ASD), Ventricular Septal
Defect (VSD), and Atrioventricular Septal Defect (AVSD).
The dataset contains 1600 TTE videos, and we extracted
74,000 image frames. Two senior cardiologists labelled
balanced subsets of 6000 images (2000 per class) for
downstream supervised fine-tuning classification evaluation.
Ethical agreement was taken from the Institutional Review
Board, and all images were anonymized.

IV.METHODOLOGY

Patches
.
-1 — = 1 [}
- = « Ao E
i Vs g
4. - o 1 +
A 1S3 E—]-
8 ' o
‘Wi S | :
; e = - 1- E
Input ﬁl i @
Image ;-_g H
puE, | S~
2 -
—=
ncslé), e =2
RaE’ _ [ TS
g ! -
T LS s g =
) V2 S EE
L] — T 1 3
i Pt =
:
‘&H— r & g
HIEE=2E
‘B | . :
2 1

Figure 1. Overview of the methodology.
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The suggested CardioViT-CAM framework consists of two
main stages: a self-supervised pre-training using MAE and a
supervised fine-tuning with a Vision Transformer (ViT-B/16)
integrated with Grad-CAM-++ for interpretability.

A. Self-Supervised Pre-training via Masked Autoencoder
(MAE)

In the first stage, we employ a Vision Transformer-based
Masked Autoencoder (MAE) for self-supervised pre-training
on unlabelled echocardiographic images to learn generalized
cardiac representations. The architecture consists of an
asymmetric encoder-decoder structure. The ViT-Base encoder
processes input images x € R” (224x224x%3) by splitting them
into 196 non-overlapping 16x16 patches, each embedded into
a 768-dimensional space. The encoder includes 12 transformer
blocks with 12-head self-attention. The lightweight decoder (8
blocks, 512-dim, 16 heads) reconstructs the masked patches.
We randomly mask 75% of patches and reconstruct them via a
normalized MSE loss. Training uses AdamW (learning rate =
1.5x104, weight decay = 0.05) with cosine annealing (40
warmup epochs, 600 total), gradient clipping (norm = 1.0),
and medical image augmentations (random cropping, flips,
contrast adjustment, Gaussian blur).

B. Fine-Tuning for Classification

In the second stage, the proposed CardioViT-CAM
architecture (Figure 1) performs supervised fine-tuning of a
ViT-B/16 with Grad-CAM++ for explainable CHD
classification (ASD, VSD, AVSD). The pre-trained encoder is
linked with a three-layer classifier: 768 — 1024 — 512 — 3,
using LayerNorm, GELU activations, and progressive dropout
(0.3 — 0.25 — 0.2). The model predicts. We use AdamW
with differential learning rates (encoder learning rate =
1.5x107%, classifier learning rate = 1.5%107%), weight decay =
0.01, cosine scheduling, and early stopping (patience = 25).
Data augmentation includes geometric transforms (flips, £15°
rotation) and color jitter. The dataset is split as 72% training,
8% validation, and 20% testing. For interpretability, we apply
Grad-CAM++.

V. RESULTS

A. Comparison of the Visualization Methods

Table 1 represents a quantitative evaluation of gradient-
based class activation mapping methods on the CHD dataset.
Each model uses the identical ViT-B/16 architecture with
MAE pretraining, differing only in the visualization method.
Among the evaluated approaches, Grad-CAM++ achieves the
best performance across all metrics.

TABLE 1. COMPARISON OF VISUALIZATION METHODS ON THE CHD

Acc. Prec. Rec.. F1 (%)
Grad-CAM 94.32 94.99 94.93 94.92
Score-CAM 96.15 96.18 96.15 96.15
Grad-Cam++ | 97.03 97.04 97.03 97.03
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B. Performance Metrics

Figure 2 presents a bar chart comparing three Grad-CAM
visualization methods (Grad-CAM, Score-CAM, Grad-
CAM++,) for CHD classification across four metrics. Grad-
CAM++ surpasses all methods and achieves 97.03% accuracy,
97.04% precision, 97.03% recall, and 97.03% F1-score.
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Figure 2. Comparison of Grad-CAM, and Score CAM Grad-CAM++,
visualization methods for CHD classification across four evaluation metrics.
Grad-CAM++ achieves the highest accuracy, precision, recall, and F1-score.

C. Confusion Matrix
Figure 3 shows the model’s performance in classifying
CHD with an overall accuracy of 97.03% across the three
classes: ASD, VSD, and AVSD. True positives are high for
ASD (428), VSD (399), and AVSD (283), while
misclassification is minimal; for example, 16 VSD cases
predicted as AVSD and 14 AVSD cases predicted as VSD.
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Figure 3. Confusion matrix of CHD classification using CardioViT- CAM
showing strong diagonal dominance with minimal misclassification among
ASD, VSD, and AVSD.

D. Interpretability of the Model Using Grad-CAM++

Visualization

The Grad-CAM++ visualization highlights the most
influential regions contributing to model predictions across
distinct congenital heart defect classes. Warmer-colored
regions correspond to higher model attention, indicating areas
of diagnostic importance. This visualization approach
enhances interpretability and demonstrates that the network
focuses on clinically relevant cardiac structures during CHD
classificegBn. 979-11-88428-14-4
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Figure 4. Grad-CAM++ visualization shows discriminative regions for
ASD, VSD, and AVSD classification. Warmer colors denote areas of stronger
model attention, confirming clinical relevance of detected cardiac features.

TABLE 2. COMPARISON OF VISUALIZATION METHODS ON THE CHD

o,
Literature Z/Ietho Classes Dataset Ace. %
Wang et al. CNN égg’ 4.5K 92:3
[13] Non;lal Images
Honget al. 32K 91.8
[14] CNN ASD only Tmages
Jiang ctal. VDII‘;VJ Muliple | 50k | 223
[15] Fusion CHD Images
CNN 86.5
Day et al. [16] | +Clinici | AVSD 2.8K
an
MAE + 74K 97.03
CardioViT Y;l:;; égg’ g;;e) *
CAM©ur9) | cam+ | AVSD (fine-
+ tuning)

E. Discussion and Comparison with Existing Models

Table 2 presents the comparative analysis of CHD
classification models. In contrast to previous studies that focus
on a single class or a limited number of defect types, the
proposed MAE + ViT + Grad-CAM++ framework achieves
superior accuracy across multiple CHD categories (i.e., ASD,
VSD, and AVSD). Leveraging large-scale pretraining and
domain-specific fine-tuning enhances feature representation
and diagnostic precision. The accuracy achieved of 97.03%
marks a significant improvement over existing CNN-based
methodology.

VI. CONCLUSION

This study presents CardioViT-CAM, a two-stage learning
framework that integrates MAE-based self-supervised
pretraining, ViT-B/16 fine-tuning, and Grad-CAM++
visualization for interpretable CHD classification. Trained on
echocardiographic data, the proposed model achieves an
accuracy of 97.03%, surpassing existing CNN-based methods.
The Grad-CAM++ heatmaps enhance clinical interpretability
by accurately highlighting diagnostic relevant cardiac regions
associated with congenital defects. In future work, this
framework will be extended to localize specific defect areas
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