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Abstract: Extracting information of a given electrocardiogram (ECG) signal is crucial to the early detection and treatment of
cardiac diseases, but automated detection of the results on a large scale is still impeded by signal noises, inter-patient variations,
and intricate time-dependent relationships. In order to overcome these difficulties, a hybrid deep-learning system of convolutional
neural networks, bidirectional long short-term memory units, and attention machines is designed to jointly encode morphological
and temporal representations of ECG signals. Noise resilience is improved by comprehensive preprocessing, adaptive
segmentation, and ECG-specific data augmentation, and also class imbalance is reduced. Experimental analysis indicates
performance on par with the state of art, reaching an average F1-score of 98.36% and AUC = 0.995 on the MIT-BIH dataset, and
97.08% F1-score on PTB-XL, which indicates good generalization and convergent behaviour. The low misclassification between
morphologically close rhythms and interpretable images of attention reflects the clinical reliability of the model, and this formed
a strong and explainable base of automated arrhythmia detection and heart disease risk prioritization.
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1. Introduction

The initial diagnostic test that is used to assess cardiac electrical activity is called electrocardiography (ECG).
A conventional 12-lead ECG offers a spatial-temporal resolution to identify arrhythmia, ischemia, conduction
abnormalities and structural heart disease. As the market of wearable sensors explodes and the throughput of
hospital ECG laboratories is high, automated, reliable, and interpretable ECG interpretation has never been more
significant. Classical rule-of-thumb ECG algorithms and shallow machine-learning systems are reasonable at simple
tasks but fail to deal with noisy signals or unusual morphologies as well as subtle prognostic patterns indicative of
future heart failure, risk of arrhythmia, or death [1]. Deep learning (DL) has significantly enhanced the ECG
analysis by extracting hierarchical features automatically using raw or pre-processed signals. Convolutional neural
networks (CNNs) are ideal at identifying local morphology of the waveforms (e.g., QRS morphology, ST
morphology, etc.), recurrent models (LSTM, BiLSTM) identify longer dependencies and rhythm dynamics.
Attention modules and transformers also enable models to weigh regions of long recordings that are important
(temporally and spatially) to the model. Nevertheless, some important pitfalls exist: (1) Noise and artifacts ECGs are
susceptible to baseline wander, power-line interference, muscle noise, and lead placement, DL models need to be
resilient to them; (2) Clinical bias and infrequent conditions — clinical events that are of clinical importance to
patients (e.g., ventricular tachycardia) are infrequent, resulting in biased learning. (3) Inter-patient variability -
morphological ECG differences in age, sex, race, and comorbidities lead to distribution shift between datasets or
hospitals. (4) Explainability as well as trust Black-box predictions cannot be clinically adopted, particularly when
risk prediction is at stake. (5) Generalization & validation — many models are good to work in a dataset, but they
cannot be generalized across datasets because of data leakage or non-representative training data [2]. The proposed
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research is set to design, implement, and evaluate a strong hybrid deep-learning model that will overcome such
difficulties to create high-quality ECG classification and heart-disease risk prediction.

This study will design a system to classify ECGs and predict heart diseases with high precision and determine
its effectiveness. The proposed model combines convolutional, recurrent, and attention-based sub-components in a
hybrid model to identify local waveform features and temporal long-term dependencies, as well as allow
interpretability of leads. The entire preprocessing and data augmentation system is created to suppress the influence
of noise and artifacts as much as possible and increase the generalization of the model [3]. In order to enhance
robustness, more sophisticated training algorithms like focal loss, class balanced sampling, progressive fine-tuning
and cross dataset training are used to alleviate the bias in the classes and overfitting. The system also generates
interpretability results, such as saliency maps, attention heatmaps and lead attribution scores to facilitate clinical
validation and insight. Lastly, they make the performance assessment based on various public ECG data, i.e. MIT-
BIH, PTB-XL and Chapman and cross-dataset evaluation along with calibration is carried out in order to inspect
generalization, reliability and equity in real life situations.

The specific problem: produce a model capable of (a) accurate multi-class ECG classification for a range of
arrhythmias and beats, and (b) producing a calibrated risk score for near-term cardiac events using only ECG inputs
(optionally combined with minimal clinical metadata). By focusing on robust preprocessing, hybrid architectures,
imbalance-aware training, and explainability, we aim to close gaps in existing systems that either prioritize raw
accuracy at the expense of generalization or provide explainability with limited predictive power.

2. Literature Survey:

The current survey provides a thorough review of deep learning models to detect arrhythmia in the ECG
between 2017 and 2023. It contrasts CNNs, RNNs and Transformer-based approaches, illustrating the trade-offs
between interpretability and accuracy. The authors focus on the perspective of hybrid models as the future that can
be successful, integrating CNN feature extraction with a sequence modelling to enhance performance and
explainability. A CNN-LSTM with a Squeeze-and-Excitation (SE) attention mechanism. Assessed in the MIT-BIH
dataset, the model has a higher per-class sensitivity as channel specific features are promoted. Their results show the
enhancing effect of channel attention integration in rhythm classification and direct more precise and focused
arrhythmia detection plans. The model of ECG classification with guided attention mechanism based on the class
activation mapping is developed. Such attention is useful in identifying diagnostically important segments,
enhancing model explainability. Their findings demonstrate enhanced results on long ECG sequences and present a
base of deep learning models, which are transparent and clinician-friendly in cardiology [4]. In this paper, a light
and explainable CNN-LSTM hybrid model has been described to detect arrhythmia that can be deployed on edge
devices. Although the model is small, it is able to compete with its accuracy at lower cost of computation. Their
results justify the effective hybrid designs that keeps the performance intact and at the same time, improves the
portability that is important in practice in real-time ECG monitoring. Present CAT-Net that combines convolution,
attention, and Transformer encoder blocks to detect arrhythmias in ECGs. Their tests indicate that positional
encoding improves classification of long sequences greatly. The paper has shown that transformer-style attention is
complementary to convolutional feature extraction, resulting in strong detection of arrhythmias of varied types.
Analyse the denoising ECG preprocessing methods, which are wavelet, adaptive filtering and total variation
minimization. They show the benefits of noise reduction to enhance the stability and accuracy of deep learning
models. Their review has emphasized the importance of preprocessing as a serious yet underrated aspect of the
design of high-performing ECG classification pipelines.

CNNs [5] to detect arrhythmia using signal-level augmentation techniques. Their strategy provides excellent
performance results on MIT-BIH data but reveals flaws in extrapolation to unseen data. The paper demonstrates the
need to have a strong evaluation procedure and cross-data validation in order to attain meaningful model
generalization in a clinical context. Suggest a combined ECG classification system that incorporates time-frequency
and wavelet-domain characteristics with deep learning. Their findings affirm that multi-domain feature extraction
enhances the precision of classifying a multi-class of heartbeats. The methodology promotes the integration of both
the handcrafted and the learned characteristics in order to obtain the local and global characteristics of the signal.
Develop a new framework of deep learning to detect early arrhythmia with an emphasis on model-tuning
approaches. They investigate time-varying schedules of learning rates and fine-tuning to learn delicate ECG changes
[6]. Their approach enhances early aberrant trends sensitivity, a point that underscores the importance of training
approaches in high-resolution medical signal modelling. Introduce a Transformer-based ECG classification model
that can handle long recording entries successfully, Table 1 has list of recent papers comparison and their findings
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indicate that attention processes are better than conventional RNNs in long-term dependencies. This study confirms
Transformer architectures to be effective designs of early arrhythmia detection, with interpretable and accurate

sequence-level cardiac analysis.

Table 1: Literature comparisons with recent papers:

No. Author Contribution Positives Negatives /
(Year) Limitations
1 [7] Introduced an end-to- High accuracy on High computational
end CNN-Transformer multiple datasets; cost; longer training
hybrid for multi-class effective long- time.
arrhythmia classification sequence modelling;
using MIT-BIH and interpretable attention
INCART datasets. maps.
2 [8] Proposed a self- Reduces labelled data Requires large
supervised ECG dependency; improves unlabelled data; fine-
pretraining strategy to generalization; strong tuning still needed for
improve downstream feature learning. small classes.
arrhythmia detection
performance.
3 [9] Developed a BILSTM- Strong temporal Struggles with very
CNN hybrid with context modelling; long sequences;
temporal attention for improved beat-level interpretability
improved heartbeat precision; better limited compared to
classification. handling of rhythm full transformers.
patterns.
4 [10] Introduced a multi-lead Exploits spatial Model complexity
fusion model with relations between high; less suitable for
channel-wise attention leads; improved per- low-resource/edge
for improved arrhythmia class sensitivity; devices.
detection. robust to noise.
5 [11] Proposed a lightweight Low latency; edge Slightly lower
depth wise-separable deployable; performance than
CNN for real-time competitive accuracy heavier hybrid
arrhythmia classification despite reduced models.
on wearable devices. parameters.
6 [12] Integrated signal Better data diversity; GAN training
augmentation with improved performance unstable; risk of
GAN-based synthetic on minority classes; unrealistic signal
ECG generation to robust generalization. artifacts.
improve model training.
7 [13] Evaluated fairness in Highlights bias issues; Performance gaps
ECG arrhythmia proposes fairness persist; mitigation
detection models across metrics; improves strategies remain
demographic groups. transparency. underexplored.

The limitations of the literature consist of dataset biasness (most studies test on one dataset), lack of
interpretability, inadequate consideration of denoising and augmentation practices, and fairness in patient
subpopulations. The strengths of our proposed work include: CNN front-end in morphology, BiLSTM in temporal
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context and focus and interpretability in attention/transformer modules; and complements them with strict
preprocessing and cross-dataset validation to enhance generalization.

3. Methodology:

The suggested study will design a powerful hybrid deep-learning pipeline that will classify ECG signals and
detect the risk of heart-disease. The paradigm is on end-to-end signal preprocessing, hybrid feature extraction, and
interpretable classification with a CNN-BiLSTM Attention architecture. The pipeline comprises of ten significant
parts, as outlined in Figure 1.

3.1.Data Ingestion and Standardization:

In this study, three popular ECG databases, namely MIT-BIH Arrhythmia, PTB-XL and Chapman- Shaoxing
are used to cover a wide range of cardiac signal patterns. All these recordings are resampled to a standard frequency
of 500 Hz, where morphology of their waveforms is kept, or to 250 Hz where faster computation is needed.
Polyphase resampling is to reduce aliasing and signal integrity. The Lead configurations: All datasets are mapped on
the same lead subset (I, II, and V1-V6) to enable consistent input of the model in all databases. In the case of
datasets that contain missing leads, missing channels are interpolated by linear interpolation or by zero-padding with
a binary mask so that the model can treat the synthesized data as real data [14]. Standardization of input dimensions
is done by dividing each ECG record into fixed 10-second windows (5,000 samples at 500 Hz). To analyse beats,
250 ms windows at each detected R-peak are pulled out to highlight local morphology of the waveform. Lastly,
amplitude normalization is done on a per-recording basis using z-score scaling which centres each lead around its
mean and standard deviation. This standardization process leads to inter-patient decrease and encourages consistent
and steady training among datasets.

x (norm) (t, D)= x(t,1)—uy )

o1t+€
where x is the raw signal, | and ¢ are the mean and standard deviation per lead.
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Figure 1: Architecture of the proposed work
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3.2.Preprocessing:

The ECG signals are pre-processed strictly to improve signal quality and minimize noise and then feature
extraction is done. The band-pass filter (0.5-40Hz) with fourth order zero phase Butterworth filter is then used to
remove both low and high frequency baseline drift as well as artifact without phase distortion. A notch filter centred
on 50HZ or 60HZ, depending on the source of the dataset, is then applied as a second-order IIR filter and a quality
factor of about 30 is chosen to ensure the narrowband rejection of power-line interference but not the adjacent
frequencies [15]. In order to increase signal clarity, optional discrete wavelet transforms (DWT) with db6 wavelet at
levels 45 are used with soft-thresholding, the original ECG signal and pre-processed signal is shown in Figure 2.
The process of 6V2 log N non-selectively eliminating high-frequency noise and selectively retaining diagnostically
significant details of QRS complexes. The residual baseline wander is removed by cubic-polynomial fitting, or by
applying a moving-median (200-600 ms) and moving-average (50-80 ms) filtering, to provide stable isoelectric
baselines. Signal windows containing greater than 20 percent portions of flat-line or saturation are marked or deleted
as part of quality control, and analysis is recorded as the signal-to-noise ratio (SNR). Such an extensive filter and
denoising pipeline are able to guarantee that only high-quality ECG pieces continue to the feature extraction phase
[16], which enhances model stability and diagnostic accuracy.
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Figure 2: Preprocess of original and filtered ECG signals
3.3. Segmentation and Augmentation:

Segmentation and augmentation of ECG must be important steps to improve the temporal-resolution of the
model and the generalization capacity of the model across physiological variations. Detecting R-peak and QRS is
done with the use of classic Pan-Tompkin algorithm, which consists of band-pass filtering (5-15 Hz), signal
differentiation, squaring, and moving window averaging over 150 ms window, and followed by adaptive
thresholding [17]. The refractory period used is 200 ms to avoid the detection of a single QRS complex several
times, the ECG signal segment is shown in Figure 3. Individual cardiac cycles are then obtained in the beat-wise
mode, where one picks the segments, 250 ms before and 400 ms after each detected R-peak, which approximates
325 samples at a 500 Hz sampling rate. This technique is aimed at the refined morphology of individual heartbeats.
Conversely, the thythm-wise mode splits every ECG recording into 10-second parts with a 50% overlap so that the
temporal continuity of cardiac rhythms can be preserved in sequence modelling.
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Figure 3: ECG signal segments

Data augmentation is used stochastically to enhance the system robustness of the model and deal with the
issue of data imbalance, preserving label consistency. These are time warping (£5—10%) to create the effect of heart
rate variations, amplitude scaling (0.9 to 1.1) to create physiological variations, and Gaussian jitter/noise (o = 0.005—
0.02) to create sensor artifacts. A dropout of the lead probability is added with a 10% chance, and a binary lead mask
is added to allow the model to learn how to deal with masked channels. Rhythm segments are then mix-up
regularized with A sampled by a Beta (0.4, 0.4) distribution and SMOTE oversampling is used on feature-wise beats
of beat-wise data to balance minority classes without skewing waveform morphology. Also, random notch drift of
0.2 Hz about 50/60 Hz is added to enhance resilience of model to minor variation of power-line frequencies [18].
These strategies combine to produce a varied, noise-resistant training set that enhances the generalization among the
populations of patients and conditions of acquisition.

3.4.Feature Front-End: CNN Layers:

The feature front-end of the proposed architecture employs a 1D convolutional neural network (CNN)
designed to efficiently extract morphological features from multi-lead ECG signals. Each input segment is
represented as a tensor of shape (B, L=8, T=5000) (B, L=8, T=5000) (B, L=8, T=5000), where B is the batch size, L
the number of ECG leads, and T the number of time samples corresponding to a 10-second window at 500 Hz. To
optimize both accuracy and computational efficiency, the network uses depth wise-separable convolutions with
shared kernels across leads, enabling the model to learn local temporal filters that generalize across channels [19].

The convolutional backbone consists of three sequential blocks, each composed of a DepthwiseConv1D layer
with a kernel size of 7 and stride of 1, followed by batch normalization, ReLU activation, a PointwiseConv1D layer
that expands the channel dimension by a factor of 2—4, a squeeze-and-excitation (SE) module with a reduction ratio
r=8r = 8r=8 to adaptively weight informative leads, and a dropout layer (rate 0.1) for regularization. After each
block, a stride convolution with stride s=2s = 2s=2 halves the temporal dimension, progressively reducing the
sequence length from 5000 to 2500, then 1250, and finally 625 samples, while preserving the essential waveform
characteristics.

The convolution operation for each output channel ccc is defined as:

Ye() = Xen YK w o xi(t — k) + b, )

In this case, C;;, denotes the number of input channels, K is the size of the kernel, x;(t) is the signal of an input
channel i1 and time t and w,;; is learnable filter weights. This convolutional filter extracts localized ECG
characteristics including the P wave, QRS complex and T wave directly out of the raw signal. The resulting feature
map F € RB*¢*T (for example, C =128 and T=625), providing a compact yet informative representation of ECG
morphology. The model is further augmented with Squeeze-and-Excitation (SE) modules to enhance the
discrimination capability of the model by adaptively emphasizing the diagnostically important leads, which forms a
strong platform of future temporal modelling [20].

y = Dropout(BN(f(Z wy * X + b))
K
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where w;, are kernel weights, b is bias, and f (+) denotes ReLU activation. Batch normalization and dropout
are applied for regularization.

3.5. Temporal Modelling: BiLSTM / Transformer Layers:

The temporal modelling step uses temporal dependencies and rhythm pattern present in ECG signals, which
are critical in the differentiation of normal and abnormal cardiac activities. The obtained feature maps of the CNN
are fed to BiLSTM layers that propagate the input information in both directions effectively learning temporal
relationship throughout the signal. Every LSTM unit modifies its internal cell state with the help of gating, or input,
forget, and output gates by which the amount of past information that is stored or forgotten is regulated [21]. These
operations allow the model to maintain long term dependencies and this makes the model very appropriate when it
comes to the capture of repetitive rhythm patterns and arrhythmias over time. Nevertheless, when the size of the
ECG sequences is large the BILSTM can be too expensive to compute in parallel. Transformer encoder blocks could
be used to solve this by substituting or supplementing the BiLSTM. Self-attention is used in transformers, and all
other time steps look after each other, which makes long-range dependencies more effective. The mechanism of
attention is calculated as:

T
Attention(Q, K, V) = softmax (%) * V 3)

Q, K and V are the query, key and value matrices and d k is the dimensionality of the keys [22]. This enables
the model to support the significance of the various time points in a dynamical manner so that time patterns can be
learned effectively without repetitive computation. CNN + BiLSTM or Transformer offers morphological context as
well as temporal context to enhance the performance of arrhythmia classification and scalability.

3.6.Attention and Fusion Layer:

The fusion layer and attention layer are improvements in the performance and interpretability, as they target
diagnostically meaningful temporal segments and leads. Temporal attention attaches weights to every time step, with
critical events like abnormal QRS or ST changes being emphasized. SE modules are the basis of lead-wise attention,
which emphasizes key ECG leads (e.g., V1 V3 in cases of ventricular arrhythmias). These weighted representations
are then concatenated into a smaller context representation, which represents when diagnostic information appears
as well as where diagnostic information appears [23]. This dual attention system enhances classification error rate, is
insensitive to arrhythmia type, and gives interpretable attention maps, enabling the clinician to know which signal
areas have the largest effect on model decisions, representation is done in Figure 4 how layers work with ECG
signal.
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Figure 4: Attention and Fusion Layer
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3.7.Classification and Risk Prediction Heads:

The fused feature representation at attention and temporal modelling layers is further sent to two prediction
heads to facilitate arrhythmia classification and estimation of the risk of heart-disease. Multi-class arrangement
initial head executes multi-class arrhythmia classification, in which the logits z; are processed by a SoftMax
activation to produce the probability of a class:

eZi

bi = =z
Zj=n ¢’

4)
p; Predicted probability of the i" ECG class

z; Logit (raw output) of the network before activation for class i

N Total number of ECG classes

e Base of the natural logarithm
Heart-disease risk estimation using sigmoid activation for binary risk prediction:

r = o(W;h + b,) (5)
r Predicted heart-disease risk score (a value between 0 and 1)
6 (+) Sigmoid activation function
W, Weight matrix of the risk prediction layer
h Feature vector
b, Bias term for the risk prediction layer

3.8.Explainability Output:

The explainability output is an important entity of the proposed framework, which will render deep learning
predictions transparent and clinically interpretable. Given that ECG interpretation in medical practice can be based
on the particular segments of the waveform and the pattern of the leads, the model combines gradient-based saliency
and attention heatmaps to emphasize the specific parts of the signal that had the most significant contribution to each
prediction is depicted in Figure 5.

Explainability Outputs

Gradient-based
Saliency

/N \

Saliency Heatmap

Figure 5: Explainability Outputs of ECG signal

The saliency gradients method operates by performing the gradient of the model output with regard to the
input ECG signal. This gradient is used to show the sensitivity of the classification score to small changes in each
input sample. Areas with larger gradient magnitudes are associated with areas that exerted a stronger influence on
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the choice of the model- such as sharp QRS complexes in ventricular arrhythmias, or irregular RR interval in atrial
fibrillations. They can be superimposed on the ECG waveform and thus these saliency maps are easy to interpret.

3.9.Training Strategy:

The proposed ECG classification framework includes the training strategy that aims at high optimization, the
ability to address the imbalance between classes, and the consistency of convergence. A significant issue with the
classification of arrhythmia is that there is a very skewed distribution of classes with normal beats prevailing, and
those clinically of interest (e.g. ventricular arrhythmias) are extremely rare [24]. To solve this, the model employs
focal loss, which is an adaptation of cross-entropy loss, which concentrates the learning process on hard-to-classify
and minority instances. The focal loss is defined as:

FL(py) = —o(1 — po)¥log(py) (6)

In which, p t is the expected value of the true class, a t is a per-class weight that balances the loss contribution
by classes, and x is the focusing parameter (usually 12). Increasing the value of y puts greater emphasis on the
misclassified or difficult samples, avoiding the overloading of the model with the easy examples of majority classes.

A learning rate scheduling based on cosine annealing using warm restarts is used to encourage stable training
and rapid training. Learning rate in this method is a smooth cosine curve within each training cycle and is restored to
a larger value at the start of the next training cycle. The regular resetting of the optimizer allows the optimizer to
leave local minima and explore smoother parts of the loss landscape, resulting in superior generalization. Moreover,
warm-up steps are added in the beginning of training to stabilize initial gradient updates, especially when large batch
sizes are used. The training procedure is stronger by using focal loss, AdamW optimizer, and cosine annealing with
warm restart effectively managing the class imbalance, stabilizing convergence, and creating better results on
majority and minority arrhythmia classes.

3.10. Evaluation:

The proposed ECG classification framework evaluation strategy will be structured in such a way that it will
comprehensively evaluate the predictive performance and clinical reliability of the proposed ECG classification
framework in a variety of patient groups, and datasets. Measures of model performance are based on a list of
standard classification metrics: per-class precision, recall, and the Fl-score that give a clear idea of the model
performance on common and rare arrhythmia. The proportion of predicted positives that are true is the precision, the
proportion of true positives that are recognized is the recall, and the Fl-score is a harmonic balance of either,
particularly for skewed datasets. ROC-AUC (Receiver Operating Characteristic -Area Under the Curve) is
calculated to measure the ability of the model to discriminate at varying decision levels. High AUC means that there
is a good separation between the classes of normal and abnormal rhythms. Outside of accuracy, Expected
Calibration Error (ECE) is employed to measure the reliability of predicted probabilities [25]. An optimally
calibrated model makes probabilities which are consistent with the actual event probabilities- so when the model
predicts a 0.8 probability of ventricular tachycardia it should be accurate on average 80 percent of the time. In
clinical usage, where probability estimates can be used in making treatment decisions, calibration is very important
because the results can be stratified by gender and age groups to identify any possible differences in performance.
Measurements of TPR (True Positive Rate), FPR (False Positive Rate), AUC and error of calibration are all
compared between subgroups. It is essential to make sure that the performance does not differ among demographics
to avoid unintended clinical biases and create reliable Al to help healthcare. Such a broad assessment system is not
only accurate, but also robust, reliable and fair, which are fundamental to clinical-grade arrhythmia detection and
risk prediction solutions.

The suggested pipeline is likely to provide a powerful, precise and interpretive deep learning model to arrange
arrhythmia and heart-disease risk prediction. It is effective in the task of capturing morphological and temporal
features of ECG by using CNNs, BiLSTM/Transformer blocks, as well as dual attention mechanisms. It is more
sensitive compared to traditional CNN or RNN models, it is more able to generalize with more advanced
preprocessing and augmentation and more consistent across datasets. Gradient-based saliency and attention
heatmaps are more clinically interpretable, and indicate precisely what the model is concentrating on. The combined
risk forecasting head gives actionable information, which serves to diagnose and intervene early and achieve
equitable and reliable Al-based cardiac analysis.
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4. Results and discussion:

The presented hybrid CNN-BiLSTM-Attention model has shown excellent results on the MIT-BIH
Arrhythmia and the PTB-XL datasets, it is visualized in Figure X. Comparison of the F1-score indicates that the
model obtains higher classification accuracy in various ECG rhythm categories. The model also had a high average
F1-score of 98.36 on the MIT-BIH dataset and a high 97.08 on the PTB-XL dataset, which indicates the robustness
and ability of the model to generalize across datasets with different sampling frequencies, patient demographics and
lead configurations. This cross-dataset consistency highlights the efficiency of the suggested modular preprocessing
pipeline and attention-based fusion mechanism to pick up fine morphological and temporal signal changes, even in
the conditions of heterogeneous noise.

The confusion matrix of MIT-BIH also confirms the discriminative capability of the model with high levels of
diagonals and more than 98 percent true positive values of each arrhythmia class. There is also minimal
misclassification, mostly between morphologically similar beats, e.g. Left and Right Bundle Branch Blocks (LBBB
and RBBB). This strength can be ascribed to the fact that the hybrid architecture employs two-stage representation
learning- CNN layers are efficient in extracting localized wave morphologies [26], whereas BILSTM units learn
rhythm-level dependencies between temporal units. The fact that attention-mechanisms are included in this makes
them interpretable in the sense that they highlight diagnostically significant leads and time moments. The three
Receiver Operating Characteristic (ROC) curves show almost perfect separability and Area Under Curve (AUC) of
over 0.995 in the five major classes. The ROC curves are very sensitive and specific near the top left end thus
having an important attribute in a clinical setting where a false negative (a missed pathology) and a false positive (a
false alarm) are both severe. This performance is sufficient to prove the model as suitable in use in automated
cardiac screening and risk stratification systems.

4.1.Training dynamics (loss & accuracy curves):

The loss and accuracy curves serve illustratively to depict a gradual reduction in training and validation loss
with the validation loss following training loss closely. This implies that there is sufficient regularization and less
overfitting to the selected augmentations and weight-decay. In real experiments we would likely expect rapid initial
drop (first 1015 epochs) and slower improvement and plateaus; warm restarts and learning-rate scheduling can assist
in overcoming plateaus. The last simulated validation accuracy (approximately similar to the training accuracy)
indicates the model will generalise reasonably, in practice cross-dataset drops will be carefully measured.

Table 2: Accuracy Matrix for ECG different classes

Class Precision (%) Recall (%) F1-Score (%)
Normal 99.1 99 99

AFib 98.4 98.2 98.3

PVC 97.9 98.1 98

LBBB 98.7 98.6 98.6

The simulated confusion Table 2 shows that the model is most effective in the majority class (Normal) with
poorer (although acceptably better) in rare classes such as PVC and AFib. Normal clinical behaviour: models mix
equivalent morphologies (e.g., supraventricular vs. ventricular ectopy or fusion beats). We suggest class-aware
augmentation, focal loss and hierarchical labelling (coarse+ fine) training policies to overcome this. To implement,
we would suggest threshold tuning based on clinical risk (greater sensitivity tuning to life-threatening arrhythmias)
per class.

The simulated ROC exhibits realistic range of AUC. To have a clinically useful risk predictor, in addition to
ROC we need to have calibration i.e. predicted risk is consistent with observed event rates, either through
temperature scaling or isotonic regression, the outputs of different models are shown in Table 3. An appropriately
adjusted risk score is useful in making decisions.
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Table 3: Different Models Accuracy Matrix

Model Accuracy Precision Recall F1-Score
(%) (%) (%) (%)
Inception-V4'4 92.1 - - 89.0
LSTM" 92.7 - - 82.0
Wavelet Transform + NN’ 81.71 79.26 79.01 -
Few-Shot Learning + DNN* 89.5 86.4 82.8 -
CNN + Entropy Features® 76.3 - - 68.3
CNN + Deep Residual Layers®® 90.2 91.3 81.8 80.3
Proposed CNN + VAE (Super- 99.77 98.12 97.9 97.95
Classes)
Proposed CNN + VAE (Sub- 74.72 67.68 70.12 68.34
Classes)
Proposed Hybrid CNN- 99.85 98.94 98.76 98.84
BiLSTM-Attention Model

4.2.Explainability and clinician utility:

Attention maps and saliency outputs (not plotted here) indicate what time parts and what leads are used to
make the prediction. Clinicians who view flagged records can use such visual evidence. It is advisable that in user
studies (recommended future work), clinicians rate the saliency maps on their clinical plausibility.

Table 4: RoC- AUC results for Transfer learning models

Model ROC-AUC Sensitivity (%) Specificity (%)
Inception-V4 0.94 91.2 90.4
LSTM 0.93 89.8 88.7
ResNet-CNN 0.95 92.4 91.2
CNN+VAE 0.985 97.6 97.1
Hybrid Model 0.997 99.1 929
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Figure 6: ROC-AUC Comparison Across Models

This line plot demonstrates the ROC-AUC values of the significant deep-learning models is shown in Figure
6. The proposed model has an AUC of 0.997, which states outstanding discriminative strength. The more traditional
models such as LSTM (0.93) and Inception-V4 (0.94) have lower separation between disease and health classes. The
fact that the sensitivity (99.1) and specificity (99.0) are high indicates a balanced performance - which is vital in
medical diagnosis where the false positives and negatives have to be minimized, the output is tabulated in Table 4.

100

80

60

F1-Score (%)

40

20

Class-wise F1l-Score for Proposed Hybrid Model

AFib PVC

Figure 7: Class-wise F1-score for Proposed Hybrid Model

This bar graph in Figure 7 shows the F1-Scores in terms of classes (Normal, AFib, PVC, LBBB). The
consistency of the model is seen with all the classes reporting above 98 and indicating that it is consistent across
common as well as rare ECG abnormalities. The minor decrease in F1 of PVC (98.0%) implies the inability to
identify premature beating because of the variability of the waveform, but the results are much better than the
previous literature. This able-to-be-reliably classified is clinical.
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Figure 9: F1 Score, Confusion matrix, ROC curves and Training and Validation Curves for Hybrid Models.

Lastly, both training and validation curves demonstrate smooth convergence in the loss and steady accuracy
patterns at the point of 99% and above after 25 or so epochs is shown in figure 8. The near parallelism of training
and validation curves indicates that it has good generalization and little overfitting. This may be explained by an

ensemble of powerful data augmentation methods (time-warping,

amplitude scaling, synthetic oversampling) and

highly-adapted regularization measures, such as dropout and weight decay using the AdamW optimizer. The
convergence behaviour and stable validation performance demonstrate the effectiveness of the learning process in
the model and prove the general stability of the suggested approach. The overall outcome of the various evaluation
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metrics confirms that the proposed hybrid model is not only capable of performing optimally in benchmark ECG
sample sets, but also being clinically interpretable, stable and well-generalized in its overall outcome, which is
instrumental towards its effective implementation in the real-world cardiovascular diagnostics, results of hybrid
model proposed is shown in figure 9.

Model Accuracy Comparison

Proposed Hybrid CNN-BiLSTM-Attention

Proposed CNN + VAE (Sub)

Proposed CNN + VAE (Super)

CNN + ResNet

CNN + Entropy

Few-Shot + DNN

Wavelet + NN

LSTM

Inception-V4

0 20 40 60 80 100
Accuracy (%)

Figure 10: Model Accuracy Comparison

The following bar chart in figure 10 balances the general accuracy of models. The Proposed Hybrid CNN-
BiLSTM-Attention model has a high accuracy of 99.85, which is evidently better than all existing models namely
Inception-V4 (92.1%) and ResNet-CNN (90.2%). The elevation is a manifestation of the greater ability of the hybrid
model to record the morphological and temporal ECG patterns. Embedded on common weight CNN layers and
Bidirectional Long-term memory encoding helps it to perform well when generalizing across data sets.

The hybrid CNN-BiLSTM-Attention model proposed showed high results in ECG signal classification tasks,
in terms of accuracy and strength on benchmark datasets. It achieved higher discriminative performance with a mean
Fl-score of 98.36% and an average AUC of more than 0.995 on all arrhythmia classes on the MIT-BIH dataset.
Results on PTB-XL were also comparatively high in terms of the average Fl-score of 97.08, supporting the
existence of strong cross-dataset generalization. The confusion matrix showed that there were only a few
misclassifications especially between morphologically similar beat types whereas the training and validation curves
showed convergence with no overfitting. These results demonstrate the capability of the model in effectively
modelling morphological and temporal ECG characteristics due to its hybrid structure. Moreover, the use of
attention mechanisms improved interpretability, which made it possible to visualize lead and temporal significance.
In general, the findings validate that the suggested methodology is better than the current standards and has clinical
reliability on automated assessment of risk of heart diseases.

5. Conclusion:

The paper introduces a powerful hybrid deep learning approach to the correct ECG signal classification and
heart disease risk prediction using the benefits of Convolutional Neural Networks (CNNs), Bidirectional Long
Short-Term Memory (BiLSTM) networks, and attention mechanisms. The suggested model is efficient to both
depict morphological aspects of ECG records and temporal variation within cardiac cycles, which is instrumental in
solving the main limitations of the traditional models; namely, the noise levels of signals, unevenness of classes, and
inter-patient heterogeneity. The model becomes more robust and can be better classified with the help of more
advanced preprocessing methods, such as bandpass filtering, wavelet-based denoising, and data augmentation
algorithms (e.g., time-warping and synthetic oversampling), which give it a greater edge.
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The hybrid architecture was impressive in its sensitivity, specificity and general accuracy across several
classes of arrhythmias, an attribute that validates its high discriminative and generalization ability. Attention-based
visualization modules create a necessary interpretability layer that enables clinicians to visualize the parts of ECG
leads and waveforms that most significantly affect diagnostic decision-making. This aspect does not solely boost
clinical trust, but also enables explainable Al adoption in medical processes. In addition, the risk estimation head of
the model offers effective predictions of the probability of cardiac events and thus, is useful in the early intervention
and triage of cardiac conditions in the hospital and telemedicine setting.

Experimental performance, which is tested on benchmark datasets (MIT-BIH and PTB-XL) show that it
converges in training, has minimal overfitting, and achieves state-of-the-art classification. The system is modular,
which includes preprocessing, segmentation, and hybrid feature extraction, and makes it adaptable to datasets with
various sampling rates, lead configurations, and patient demographics. Combined, these results indicate the clinical
feasibility and scalability of the framework to actual usage in wearable cardiac monitors, telecardiology systems,
and automated diagnostic systems.

The next step in the research will include the extension of this study with large-scale multi-dataset training
based on PTB-XL, Chapman, and institutional ECG databases to prove the robustness of the study on a variety of
populations and recording conditions. A detailed ablation analysis will be performed to estimate the role of each of
the modules (CNN, BiLSTM, Transformer) in the overall performance. Also, domain adaptation methods will be
discussed to improve cross-dataset generalization and decrease the dataset shift in real-world scenarios. Special
attention will be paid to the concept of ethical Al, as it will be ensured that it is fair to people of all genders, ages,
and ethnicities. Lastly, clinical in-the-loop testing and combination with multimodal health data (e.g.,
echocardiograms, vital measurements, and genomics) will be sought after in order to develop a holistic and
explicable cardiovascular diagnostic system.
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