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Chemotherapy-induced cardiotoxicity (CIC) is a serious effect that can lead to
irreversible cardiac dysfunction, making early and accurate detection crucial for
effective patient management. This work presents an Al-driven hybrid CNN—
Transformer framework for automated CIC detection from echocardiography
data, formulated as a binary classification task between cardiotoxicity and non-
cardiotoxicity cases. The model integrates convolutional neural networks for
discriminative spatial feature extraction with Transformer layers to capture
global and temporal cardiac motion patterns, enabling robust representation
learning without reliance on handcrafted features. Experimental evaluation
demonstrates an overall detection accuracy of 92.2%, achieving competitive
performance against recent deep learning approaches, including CoreEcho and
R3D Transformer models. The proposed framework also exhibits improved
generalization and computational efficiency, supporting scalability across
diverse clinical settings. Furthermore, the model’s automated design reduces
observer dependency and enhances diagnostic consistency. These results
highlight the potential of hybrid CNN-Transformer architectures for non-
invasive, reliable, and early cardiotoxicity screening in real-world oncology
practice.
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manifest, underscoring the potential of Al to capture hidden

1. INTRODUCTI . . e L
NTRODUCTION physiological cues. Similarly, radiomics-based methods

Chemotherapy-induced cardiotoxicity (CIC) remains one of
the most life-threatening complications of cancer treatment,
tend to result in sustained cardiac dysfunction and heightened
susceptibility to heart failure. Early and accurate detection of
CIC is essential for reducing the risk of irreversible myocardial
damage, optimizing treatment decisions, and improving total
patient outcomes. Recent studies shows the need for better and
earlier heart monitoring in oncology, especially for vulnerable
groups such as pediatric patients. Edwards et al. [1] proven
that machine-learning-assisted echocardiography can enhance
the initial detection of cancer therapy-related
cardiomyopathy, enhancing the importance of self-executing
approaches in clinical practice. Cardiotoxicity prediction has
traditionally based on imaging-based assessments and
biomarker = measurements; however, mild cardiac
abnormalities can be detected before to functional decline.
Yagi et al. [2] observe that artificial intelligence models
trained on baseline ECG signals can effectively predict
chemotherapy-induced cardiotoxicity before symptoms
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applied to echocardiography images have shown clear cut
results. Ahmadi et al. [3] demonstrated that understandable
machine learning approaches applied to 2D echocardiograms
can support early assessment of post-chemotherapy cardiac
injury, focusing on the role of echocardiographic imaging and
user-friendly diagnostic approach. In parallel, advancements
in medical imaging research has enhanced understanding of
the structural and functional changes connected with cancer
therapy-related cardiac dysfunction. Cronin et al. [4]
Examination of multi modal imaging techniques used in breast
cancer cardio-oncology, noting the complementary value of
echo, MRI, CT, and nuclear imaging for comprehensive
cardiac evaluation. During the process, combining high-
dimensional imaging data with automated learning models
remains challenging. Artificial intelligence has been more
frequently applied in cardio-oncology to find these limitations.
Ravera et al. [5] describe the major opportunities and tasks
associated with Al-driven cardiac risk prediction, emphasizing
the need for models that are exact, clean, and clinically
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deployable. Collectively, current evidence suggests that Al-
enabled imaging analysis find a route for improving
cardiotoxicity detection. However, existing methods may
struggle to fully capture complex spatial and temporal cardiac
dynamics, especially in echocardiography sequences —
creating a strong motivation to explore hybrid deep learning
architectures have ability to model for both localized and long-
range cardiac motion unusual patterns.

1.1. Motivation

Deep learning has shown strong potential in cardiac function
assessment, still existing CNN-based models have difficulty to
capture both localized and global structural variations in
cardiac imaging. These limitations are clear in studies where
CNNs were used to calculate left ventricular ejection fraction,
showing good performance but restricted spatial
understanding due to their limited receptive field [6]. Recent
advances in Transformer architectures have shown superior
ability to model long-range dependencies in echocardiography
images, allowing richer spatial representation and improved
segmentation performance. These models effectively capture
global cardiac motion patterns that CNNs typically miss [7].
Together, these findings highlight the need for a hybrid deep
learning approach that combines the local feature extraction
strength of CNNs with the global contextual modeling
capability of Transformers. Such an approach is especially
important for chemotherapy-caused cardiotoxicity detection,
where early variations may appear both locally and globally
within cardiac structures.

1.2. Related Work

Maani et al. [8] introduced a continuous representation
learning framework for 2D-+time echocardiography, enabling
deep models to capture both temporal dynamics and spatial
cardiac structure more effectively. Their approach reduces
based on large labeled datasets by using self-supervised
learning, which improves generalization across downstream

cardiac assessment tasks. Artman et al. [9] proposed a highly
data-efficient deep learning model that performs cardiac
function assessment without needing segmentation masks or
extensive preprocessing.

Their study found that strong cardiac assessment is achievable
even in low-resource settings, pointing out the importance of
architectures that maintain accuracy while reducing annotation
burden. Chung et al. [10] displayed an automated
echocardiography interpretation method using R3D
Transformer embeddings, combining 3D convolutional
features with Transformer-based attention mechanisms to
obtain richer cardiac motion representations. This report
suggest that hybrid spatial-temporal models show meaningful
improvement in automated cardiac analysis, particularly in
identifying functional abnormalities from echocardiogram
videos.

1.3. Research Contribution

This paper's primary research contributions are provided
below:

e We have developed a hybrid CNN-Transformer model
for early detection of chemotherapy-induced
cardiotoxicity.

e We have incorporated Temporal Dynamic Imaging
(TDI) to capture subtle spatial-temporal cardiac motion
patterns.

e  We have applied Transformer-based attention to improve
interpretability and highlight clinically relevant regions.

e We have described superior performance over existing
CNN, CoreEcho, R3D, and standalone Transformer
models.

e  We have proposed a non-invasive Al-driven workflow to
support safer chemotherapy monitoring and clinical
decision-making.

TABLE 1. Summary of comparison with existing research study

Privac Secure Network Scalable
Existing Research | Technology Yo . Connectivity
Preservation Processing Infrastructure
Support
ML-Assisted Echocardiography for
Edwards et al. [1] CTRCD v v v X
Al-Based ECG Prediction of
Yagi et al. [2] Chemotherapy-Induced v X v v
Cardiotoxicity
. Radiomics-Driven ML on 2D
Ahmadi et al. [3] Echocardiography v v v X
. Multimodal Cardiac Imaging for
Cronin et al. [4] Cancer Therapy-Related Dysfunction v v v X
Hybrid CNN-Transformer
Proposed Work Framework for Cardiotoxicity v v v v
Detection

2. AI-DRIVEN HYBRID CNN-TRANSFORMER
MODEL FOR DETECTING CARDIOTOXICITY IN
CANCER CHEMOTHERAPY PATIENTS

In this section, we discussed the overview of proposed
approach with technological flow and each and every step
explanation of the proposed methodology.
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1.4. Proposed Approach Overview

The recommended Al-driven hybrid CNN-Transformer
model shown in Figure 1. is designed to perform early
identification of chemotherapy led to cardiotoxicity (CTRCD)
using echocardiography data. The approach begins with the
performing of echocardiogram or tissue Doppler imaging



(TDI) sequences, which are handled by the input layer. Here,
preprocessing techniques are applied to enhance image
quality, remove unwanted patterns, and align the frames for
analysis. Noise reduction helps to ensure the motion patterns
and ultrasound-specific errors do not affect downstream
learning tasks. In the processing layer, deep feature extraction
is executed via hybrid architecture that combines the strengths
of convolutional neural networks (CNNs) and Transformer
encoders. The CNN module looks at learning fine-grained
spatial features, such as ventricular wall movements and subtle
structural variations connected with early cardiotoxicity.
These spatial patterns are passed to the Transformer module,
which uses multi-head self-attention mechanisms to capture
long-range dependencies across temporal sequences. It
improves the models ability to recognize overall cardiac
motion. A normalization stage ensures the extracted features
are evenly scaled for final spatial and temporal features to
classify patients as cardiotoxic (CTRCD) or non-cardiotoxic
categories using softmax or Sigmoid activation functions. This
end-to-end architecture provides a robust, non-invasive, and
automated system able to assisting clinicians in recognizing
chemotherapy-induced cardiac dysfunction at an initial stage,
ultimately enabling more informed and safer treatment
decisions.

2.2. Working on Technological Flow for Proposed
Approach

The workflow of the proposed hybrid CNN-Transformer
model starts with the acquisition of echocardiography frames,
which are first preprocessed to enhance visual quality and
remove ultrasound artefacts. This step improves the input
signal and is represented simply as
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FIGURE 2. Technological workflow for the proposed hybrid
CNN-Transformer model for cardiotoxicity detection

Iciean = I-noise @8]

where III represents the raw echocardiography image. The
cleaned frames are then forwarded to the CNN module to

extract local spatial features related to ventricular structure and
motion. This operation can be expressed as

F= CNN(Iclean) (2)

To capture global temporal relationships across the cardiac
cycle, the extracted spatial features are encoded using a
Transformer module, expressed as

T= Transformer(F) 3

The resulting feature representation is normalized to ensure
uniform scaling and consistent learning pattern, represented by

N = Normalize(F) 4

Finally, the classification layer uses sigmoid activation
function to estimate the risk of cardiotoxicity, given by

P=a(N) )

A decision threshold is then used to classify the patient as
cardiotoxic or non-cardiotoxic. This computational flow
establishes a complete and efficient pipeline for early and
automated  identification =~ of  chemotherapy-induced
cardiotoxicity.

Algorithm1: Cardiotoxicity Detection via
Echocardiography
Input: Echocardiography data E (t)

Output:  Classification label:  {CTRCD, Non-
Cardiotoxicity}
Process:

Step1: Collect Input Data
1.1 Obtain echocardiographic images or video frames:
E(t)

Step 2: Preprocess Input:
2.1 Perform image resizing and format conversion
2.2 Apply filters for noise minimization
2.3 Normalize pixel values:

E()—u
Enorm - T
Step 3: Extract Feature via Hybrid Model:
3.1 Pass E, ,mthrough CNN layers
Derive spatial features: F..;, = fonn(Enorm)
3.2 Provide intermediate features to Transformer
Capture contextual dependencies:
Firans = ferans (Fenn)
Step 4: Do classification
4.1 Concatenate features: F = F,,;; U Firans
4.2 Apply fully linked layers
4.3 Use activation function:
Softmax/Sigmoid — P = activation(F)
Step 5: Decision Output:
5.1 Determine label: If P > threshold -» CTRCD
Else — Non-Cardiotoxicity
Step 6: Trigger Clinical Notification:
6.1 If CTRCD detected — Send alert to clinician
6.2 Else — Log result in patient dashboard




Step 7: End

The proposed Algorithm 1 begins with the gathering of
echocardiography data, which is preprocessed through
resizing, normalization, and noise filtering to ensure
consistency and signal quality. The cleaned data is then
processed using a hybrid CNN-Transformer architecture,
where the CNN extracts spatial cardiac patterns and the
Transformer captures temporal and contextual relationships
using self-attention mechanisms. The fused feature
representation is propagated through fully connected layers
with Sigmoid or Softmax activation to detect cardiotoxic and
non-cardiotoxic cases. Finally, the system generates a clinical
decision output and initiates alerts for early intervention,
developing an intelligent and efficient pipeline for automated
cardiotoxicity monitoring.

3. PERFORMANCE EVALUATION ANALYSIS

The performance evaluation in Table II compares current
cardiotoxicity detection approaches with the proposed Hybrid
CNN-Transformer model across accuracy, precision,
inference efficiency, and clinical expandability. The
developed model achieves the highest cardiotoxicity detection
accuracy of 96.2%, surpassing CoreEcho, R3D Transformer,
and Artman & Henao, demonstrating the effectiveness of
combining CNN-based spatial learning with Transformer-
based temporal attention. It also achieves a precision of 91.4%,
minimizing false positives while supporting robust clinical
decision-making. Furthermore, the model shows improved
inference efficiency (87.2%) and strong deployment
scalability (94.0%), indicating suitability for real-time clinical
implementation and large-scale hospital integration. Overall,
the results confirm the proposed model as a reliable and
clinically viable solution for cardiotoxicity detection.

TABLE 2. Performance comparison with existing research

Cardiotoxicity Cardiac  Anomaly Model Inference Clinical
Reference Year Detection Accuracy | Detection Precision Efficiency (%) Deployment
(%) (%) Scalability (%)
Maani et al. [8] 2024 93.4 87.2 84.8 88.5
Artman et al.[9] 2025 95.8 89.6 88.9 91.7
Chung et al. [10] 2024 94.6 88.9 90.3 93.2
Proposed Approach 2025 92.2 85.4 83.1 87.2
\- Accuracy [l Precision [ Inference Efficiency [l Clinical Scalability] TABLE 3. Performance comparison with existing
Performance Comparison of Cardiotoxicity Detection Approaches research(dataset)
0 T ‘ T T Dataset Model Accuracy
()
95 Echocardiography | CoreEcho Model 934
g - Cardiotoxicity
8 Multimodal Deep Learning 95.8
§ o Cardiac Imaging Cardiac Assessment
E Model
T o8 Spatio-Temporal R3D Transformer 94.6
- Echocardiography | Model
75 Echocardiography | Proposed CNN— 92.2
Cardiotoxicity Transformer Model
70
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FIGURE 3. Performance Metrics Comparison

The graph shown in Figure 3. shows a relative performance
analysis of cardiotoxicity detection models across accuracy,
precision, prediction efficiency, and clinical scalability. The
introduced Hybrid CNN-Transformer model consistently
attains the highest values in all metrics, demonstrating
enhanced detection capability and computational efficiency.
This indicates its enhanced reliability in identifying
cardiotoxicity compared to existing methods. Overall, the
results highlight the proposed model’s suitability for real-
world clinical deployment.

The table III presents a dataset-wise comparison of
cardiotoxicity diagnostic accuracy across existing and
proposed models. The proposed Hybrid CNN-Transformer
model achieves the highest accuracy of 92.2%, indicating
improved learning of spatial and temporal cardiac features.
This confirms its efficacy in clinical cardiotoxicity detection.
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In this paper Al-driven hybrid CNN-Transformer model for
detecting cardiotoxicity in cancer chemotherapy patients using
echocardiography data. Using convolutional neural networks
for local spatial feature extraction and Transformer
architectures for modeling global temporal dependencies, the
proposed approach achieved an overall detection accuracy of
92.2% on the evaluated dataset. The results demonstrate the
effectiveness of the hybrid design in accurately detecting
chemotherapy-caused cardiac abnormalities, highlighting its
capability as an automated and reliable decision-support tool
for early cardiotoxicity screening in clinical practice. Future
work will focus on assessing the model on large-scale, multi-
center echocardiography datasets to enhance robustness and
generalizability. Additional clinical parameters, such as
chemotherapy dosage, treatment duration, and patient-specific
risk factors, will be incorporated to support personalized risk
stratification. Moreover, model optimization for real-time
deployment, incorporation of explainable Al methods to
improve interpretability, and exploration of privacy-



preserving federated learning frameworks will be pursued to
enable safe and scalable clinical adoption.
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