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Abstract—Electrocardiogram (ECG) analysis plays a vital role in the early diagnosis of cardiac
arrhythmias and cardiovascular diseases (CVDs), which remain the leading cause of global mortality.
Recent advances in machine learning (ML) and deep learning (DL) have significantly improved
automated ECG classification accuracy. However, most existing DL. models function as black-box
systems, limiting their adoption in clinical environments due to the lack of interpretability and
transparency. This paper proposes an explainable attention-based hybrid deep learning and machine
learning ensemble framework for ECG-based multi-class arrhythmia and disease classification. A
CNN-BILSTM architecture enhanced with an attention mechanism is employed for spatial-temporal
feature extraction, while AdaBoost and Support Vector Machine (SVM) classifiers are integrated
using a stacking ensemble strategy. Experiments conducted on the MIT-BIH Arrhythmia and PTB
Diagnostic ECG datasets demonstrate an overall classification accuracy of 99.53%, outperforming
existing ML and DL approaches. Explainable artificial intelligence (XAI) techniques such as
Grad-CAM and SHAP are incorporated to provide clinically interpretable predictions, thereby
improving trust and reliability in automated ECG diagnosis.

Index Terms—Electrocardiogram, Arrhythmia Classification, CNN-BiLSTM, Attention Mechanism,
Ensemble Learning

I Introduction

Cardiovascular diseases (CVDs) are the most important cause of death globally, accounting for
millions of fatalities every year [13]. Antiquated finding and continuous attention are vital for diminishing
homicide and helping patient outcomes. The electrocardiogram (ECG) is an unobtrusive, cost-effective
typical tool that reports the electrical activity of the heart and is broadly used for identifying arrhythmias

and other cardiac diseases[1], [14].

Conventional ECG classification methods depend extremely on Deep Learning and classical machine
learning classifiers such as decision trees, k-nearest neighbors, and support vector machines[15] [16]. But
these paths attain moderate success, their performance is extremely dependent on expert-designed features
and deficiencies robustness through diverse patient populations. Deep learning approaches, especially
convolutional neural networks (CNNs) and recurrent neural networks (RNNs), have established superior

performance by impulsively learning discriminatory portraits out of raw ECG signals. [17],[18] [19].
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In spite of their high accuracy, deep learning reproductions are often faulted for their black-box nature,
which impedes clinical acquiescence[5][6]. Doctors involve translucent and demonstrates systems that can
explain predictions in terms of physiologically suggestive ECG sections. To address this confines,
explainable artificial intelligence (XAI) techniques such as SHAP and Grad-CAM have been imported to
furnish sensitivity into model critical-thinking [6],[11], [12].

This work focuses to bridge the interval between precision and illustrate by offering an feasible hybrid
framework that connects absorption-based deep learning with ensemble machine learning techniques. The

primary benefactions of this paper are:

1. CNN-BILSTM architecture was used to extract both spatial and temporal features from raw ECG
dataset [16].

2. Accumulating ensemble merging AdaBoost and SVM to enhance classification reliability and

generalization [7][8][20].

3. Attainted high accuracy results on standard ECG dataset.

. Related Work

Comprehensive research has been supervised on robotic ECG classification using machine learning
and deep learning approaches. Early studies immersed on handcrafted highlights inferred from time-domain,
frequency-domain, and wavelet-based illustrations merged with classical classifiers[15],[16].While closer

routes accomplished logical accuracy, their reliance on realm skills defined scalability.

The prologue of deep learning marked a model shift in ECG assessment. CNN-based frameworks have been
broadly accustomed for robotic feature extraction from raw ECG waveforms, establishing enhanced
performance above convolutional methods [17],[21],[22]. Kiranyaz S Proposed patient-specific CNN
models for real-time ECG classification, emphasizing the conclusiveness of deep frameworks in obtaining
morphological patterns [17]. Hannun AY gained cardiologist-level arrhythmia discovery using deep CNNs
trained on large-scale ECG datasets [18].

To model temporal reciprocities in ECG waves, recurrent frameworks such as LSTM and BiLSTM
networks have been examined [16],[23].CNN-LSTM and CNN-BiLSTM frame works merges spatial
feature extraction with temporal modeling, associated in improved classification performance. newly,
attention mechanisms have been blende into deep models to concentrated on professionally major ECG

parts, beyond enhancing differential ability.

Ensemble learning methods such as AdaBoost, bootstrap aggregating, and stacked generalization have been
engaged to enhance agility and conception by merging many classifiers[7],[8],[20]. Stacking ensembles, in

particular, have demonstrated superior performance by leveraging the strengths of heterogeneous models[7].
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In similar, the booming request for feasible Al in clinical care has accompanied to the espousal of post-hoc
explanation methods such as SHAP (Shapley Additive exPlanations) and Grad-CAM (Gradient-weighted
Class Activation Mapping) [6],[11][24]. These methods furnish optical and quantitative illustrations,

substance deep learning besides clear and clinically adequate.

Recent researches have progressively immersed on enhancing ECG classification interpretation by
incorporating attention apparatuses with deep neural networks. Attention-based CNN-LSTM and
CNN-BILSTM frameworks strongly highlight distinguishing relevant ECG sections such as QRS

complexes and ST segments, thereby enhancing class separation in multi-class scenarios.

In addition to architectural advances, ensemble learning has been researched to enhance robustness and
conception in ECG classification systems. collecting ensembles unification heterogeneous classifiers have
produced dominant performance as opposed to single-model approaches [7]. Freund and Schapire’s
boosting framework and Vapnik’s statistical learning theory furnish powerful theoretical foundations for
ensemble-based ECG classification [8],[20]. Moreover, modern research emphasizes a vital of answerable
Al in clinical settings, highlighting that interpretation alone is insufficient without translucency and
interpretability [6],[20]. These researches persuade the incorporation of attention-based DL, ensemble

classification, and feasible within a integrated ECG specific framework.

1. Materials and Methods

3.1 Datasets

The proposed framework is evaluated using two widely used benchmark datasets: the MIT-BIH
Arrhythmia Database and the PTB Diagnostic ECG Database[1] .

Data set found from (https://www.kaggle.com/datasets/erhmrai/ecg-image-data/data & This study utilizes a
comprehensive ECG image dataset derived from the PhysioNet MIT-BIH Arrhythmia Database. The
ECG dataset includes 109,446 samples sampled at 125 Hz, categorizing major five distinctive beat
categories: Normal beat categorised as 0, Supraventricular beat (S) categorised as 1, Premature Ventricular
Contraction (V) beat categorised as 2, Fusion (F) beat categorised as 3, and Unclassifiable beats Q are
categorised as 4. Each arrhythmia indication has been propagated from signal data into an ECG image
format. For model development and validation, the data was partitioned into an 80/20 split, yielding 80%

for training and 20% for testing.
3.2 Preprocessing

Raw ECG waves are rendered to shed barrier, then standardized and partial to assure all data inputs
participates a compatible length and signal strength [15],[19]. These tracks improve model agility and

degrade inter-patient variability.
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The rectitude of ECG classification depends highly on well preprocessing to help the things of muscle
artifacts, power-line interference, and baseline wander. enforcing high-pass and band-pass filtering
techniques adequately hermits the heart beat signal from these noise sources, thereby enhancing the
accuracy of latest analytical models.[15][19]. Pertaining normalization assures that all ECG waves
participate a usual scale. This precludes amplitude takes from biasing the feature learning method, providing

for more reliable classification across various datasets [1],[14].

The transformation of uninterrupted ECG waves into discrete, fixed-length gaps is attained among
segmentation, a critical step for deep learning compatibility. This method ensures that diagnostic
landmarks—specifically the P wave, QRS complex, and T wave—are preserved, providing the structural

detail necessary for accurate arrhythmia disease identification [16],[17].
3.3 Attention-Based CNN-BIiLSTM Architecture

CNN layers are absorbed to extract spatial features depicting morphological features of ECG signals
[17],[21]. The extracted feature maps are federal into a BiLSTM architecture obtain long-term temporal
dependencies in both directions (forward and backward)[16], [23]. An attention mechanism is blended to
take evolved weights to clinically pertinent ECG elements, enabling the model to concentrate on

informative regions.

The CNN element of the proposed architecture is deliberate to impulsively learn hierarchical spatial features
from ECG signals, obtaining waveform morphology and local temporal patterns. combined convolutional
layers enable the extraction of low-level and high-level features, while pooling layers demote
dimensionality and computational complexity. This spatial feature learning capability has been shown to

outperform handcrafted feature-based methods in large-scale ECG classification tasks[18],[22].

The BiLSTM layer supplements CNN-based spatial learning by modeling long-term temporal dependencies
inherent in ECG waves [16],[23]. Unlike unidirectional LSTMs, BiLSTMs process sequences in both
forward and backward directions, allowing the capture of contextual information from past and future
cardiac cycles. The incorporation of an absorption mechanism further improves performance by
dynamically weighting time steps according to their diagnostic relevance, allowing the model to concentrate

on clinically substantial ECG fields.
3.4 Stacking Ensemble Classification

The deep feature representations obtained from the attention-based CNN-BiLSTM model are
classified using a stacking ensemble framework. AdaBoost and SVM classifiers serve as base learners,
while a meta-classifier combines their outputs to generate the final prediction[7],[8],[20]. This ensemble

strategy improves classification accuracy and reduces overfitting.
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Ensemble learning improves predictive performance by combining multiple classifiers with complementary
strengths. In the proposed framework, AdaBoost and SVM are selected as base learners due to their proven
effectiveness in ECG classification tasks [15],[8]. AdaBoost iteratively emphasizes misclassified samples,
improving sensitivity for minority classes, while SVM provides strong generalization through margin

maximization [20].

The stacking ensemble framework integrates the outputs of base learners using a meta-classifier, enabling
more robust and stable predictions[7]. Prior research has demonstrated that stacking ensembles consistently
outperform individual classifiers in complex biomedical classification problems [20]. By leveraging both
deep feature representations and ensemble learning, the proposed system achieves superior robustness and

reduced overfitting compared to standalone models.
3.5 Explainability Module

To enhance interpretability, Grad-CAM is used to visualize salient regions in ECG signals
influencing model predictions, while SHAP values quantify feature contributions [6],[11],[12]. These

explanations provide clinicians with insights into the decision-making process, increasing trust and usability.

Explainability is a critical requirement for the deployment of Al systems in clinical practice. Grad-CAM
provides visual explanations by highlighting regions of ECG signals that contribute most to the model’s
predictions, enabling clinicians to verify whether the model focuses on physiologically meaningful patterns
[12]. Such visual explanations have been shown to improve clinician trust and facilitate error analysis in

deep learning-based diagnostic systems [6],[20].

SHAP complements Grad-CAM by offering quantitative feature attribution, measuring the contribution of
individual features to each prediction[11]. SHAP-based explanations provide both global and local
interpretability, enabling the identification of dominant ECG features influencing classification outcomes.
The combination of Grad-CAM and SHAP ensures comprehensive interpretability, aligning the proposed

framework with regulatory and ethical requirements for medical Al systems [6],[24].

IV. Experimental Results

By achieving an overall classification precision of 99.53%, the proposed framework surpasses both
traditional (non-standard) ML models and standalone DL architectures [21],[19]. Accuracy, recall, and
F1-score metrics indicate consistent performance across all ECG classes (Normal beat or Abnormal beat).

Class-wise analysis demonstrates effective discrimination between normal and abnormal heart beats.

Comparative evaluation with existing studies reveals that the integration of attention mechanisms and
ensemble learning significantly improves performance. [25]. The results confirm the robustness and

generalizability of the proposed approach.
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The outcomes indicate that the suggested technique is both robust and applicable.

The proposed framework is consistently superior to traditional ML models and standalone DL architectures
in all ECG types, as demonstrated by a detailed performance review [21]. High precision and recall values
indicate effective discrimination between normal and pathological rhythms, including challenging
arrhythmia classes. Comparative analysis confirms that attention mechanisms and ensemble learning

contribute significantly to performance improvements.

Additional research indicates that the stacking ensemble minimizes class imbalance effects and enhances
resilience against unwieldy signals [7],[8]. The use of confusion matrix analysis demonstrates the efficiency
of the attention-based feature learning and ensemble classification strategy, as it shows that misclassification
rates between arrhythmias with morphologically similar sounds are much lower. The outcomes demonstrate

that the proposed method is appropriate for ECG diagnostics in real-world scenarios.

V. Discussion

A combination of attention-based deep learning and ensemble machine learning has been used to
develop a more efficient proposed framework. This is noteworthy. The model's attention mechanism enables
it to concentrate on diagnostically relevant ECG segments, which facilitates feature discrimination. The

stacking ensemble increases strength and reduces the effectiveness of individual classifiers [7].

The experimental findings underscore the importance of integrating attention mechanisms with deep
learning architectures for ECG classification. By selectively focusing on diagnostically relevant ECG
segments, the proposed framework reduces the influence of noise and irrelevant signal components,

resulting in improved classification accuracy and stability.

Moreover, the incorporation of ensemble learning and explainable Al addresses two critical challenges in
medical Al: robustness and transparency. Ensemble learning enhances generalization and mitigates
overfitting, while XAI techniques provide clinically interpretable insights into model predictions
[11],[12],[7]. The combined effect of these components positions the proposed framework as a practical and

trustworthy solution for clinical ECG analysis.

VI. Conclusion

This paper presents an explainable attention-based hybrid deep learning and machine learning
ensemble framework for ECG-based multi-class arrhythmia and cardiovascular disease classification. The
proposed model achieves state-of-the-art performance while maintaining clinical interpretability. Future

work will focus on real-time deployment and validation on larger, multi-center ECG datasets.
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