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Abstract: This research presents a semi-supervised hybrid Temporal Convolutional 

Network-Long Short-Term Memory (TCN-LSTM) model for interpretable and data-

efficient ElectroCardioGram (ECG) heartbeat classification. ECG signals from the 

MIT-BIH and INCART databases were resampled at 125 Hz, 4th order Butterworth 

filtered (0.5-20 Hz), and segmented into 0.8 s (188-sample) windows (279,641 beats). 

The architecture integrates two Temporal Convolutional Network (TCN) blocks 

(kernel = 3, receptive field = 63) with parallel 64-unit Long Short-Term Memory 

(LSTM) layers fused via element-wise maximum to capture both local and global 

temporal dynamics. Data were split beat-wise (60/20/20 for SL; 80/20 for SSL), with 

10-30% labeled beats and pseudo-labels generated using adaptive thresholding. The 

model achieved 0.980 accuracy and an F1-score of 0.870 in supervised learning and 

0.979 accuracy and an F1-score of 0.850 in semi-supervised mode using 30% labeled 

data, outperforming comparable deep learning architectures. Guided Grad-CAM 

visualizations highlighted activations over QRS and R-peak regions, validating the 

physiological interpretability and diagnostic potential. 

Keywords: ElectroCardioGram (ECG), Heartbeat classification, Temporal 

Convolutional Network (TCN), Long Short-Term Memory (LSTM), Semi-supervised 

learning.   

1. Introduction 

An ElectroCardioGram (ECG) represents the electrical activity of the heart, depicting 

heart rate and rhythmicity of cardiac cycles. Accurate heartbeat classification from 

ECG signals plays a vital role in the early detection and monitoring of cardiovascular 

diseases. By analyzing the temporal variations in cardiac electrical activity, ECG 

analysis enables the identification of discrete cardiac events. PQRST complex 

alterations and other abnormalities in ECG morphology frequently point to 
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underlying cardiac conditions, which can range from benign ectopic beats to 

potentially fatal heartbeats. By reducing diagnostic workload and subjectivity, 

automated heartbeat classification systems enable physicians to diagnose such 

conditions quickly and reliably [1]. Some common Deep Learning (DL) methods 

used for ECG heartbeat classification are Artificial Neural Networks (ANN) [2], 

Convolutional Neural Networks (CNN) [3], Temporal Convolutional Neural 

Networks (TCN) [4], Recurrent Neural Networks (RNN) [5] and Long Short-Term 

Memory (LSTM) Neural Networks [6] although each one of these have relative 

merits and demerits. ANNs are computationally efficient yet fail to capture temporal 

dependencies. CNNs [7] are very efficient in extracting spatial features, while having 

a limited receptive field restricts long-term analysis. TCN [8] overcomes this 

drawback by using dilated convolutions to model temporal dependencies; however, 

this requires careful design and a substantial amount of data. RNNs can model a 

temporal sequence but suffer from vanishing gradients. This is overcome by LSTM 

[9] using their gated memory units. However, LSTM networks alone may also fail to 

capture the entire range of temporal patterns [10]. The limitations of individual 

models have prompted researchers to explore ensembles or hybrid DL models to 

increase heartbeat classification performance [11].  

Recent works have underlined how DL methods for temporal modeling and 

optimization find applications beyond their original domains. B a r o t  and 

K a p a d i a  [12] have used LSTM with attention for air quality prediction, identifying 

the importance of learning long-term dependencies in sequential data. A l a z z a m, 

A l a b o u d i  and A b u b a k a r  [13] employed a Binary Owl Optimizer in IoT 

forensics for efficient feature selection to improve classification accuracy, 

underlining the importance of optimized representation learning. Similarly, 

K a r i m u n n i s a, R a m y a  and K r i s h n a  [14] have applied deep learning to 

workload forecasting and optimization in cloud computing by integrating predictive 

modeling with adaptive scheduling. While these are domain-specific, they reinforce 

key principles-temporal dependency modeling, selective feature extraction, and 

optimization-which meet the goals of this work for designing an efficient and 

generalizable hybrid TCN-LSTM framework for ECG heartbeat classification. 

Hybrid CNN-RNN architectures have yielded the state-of-the-art performance 

for AAMI EC57 [15] beat-level classification. On the MIT-BIH  

Arrhythmia Database (MIT-BIH) [16], CNN-GRU [17], CNN-BiLSTM [18], and 

CNN-LSTM-SE [19] hybrids reported accuracy of 98.98%, 99.51%, and 98.5% 

respectively. In addition, CAT-Net (CNN + Channel Attention + Transformer 

Encoder) [20] achieved 99.14% on MIT-BIH and 99.58% on the St. Petersburg 

INCART (INCART) dataset [21]. A lightweight CNN-BiLSTM with less than 1M 

parameters sustained 99.21%, 96.17%, and 97.20% on MIT-BIH, INCART, and 

MIT-BIH Supraventricular datasets [22]. In rhythm-level detection, the ensemble 

CNN-BiLSTM reached 98.5% accuracy in the PhysioNet Challenge 2021 dataset 

[23]. Overall, most of the hybrid models have been mainly explored on beat-level 

ECG classification. While hybrid CNN-RNN architectures have shown phenomenal 

performances on individual datasets, only a few studies have combined multiple 

datasets to classify arrhythmias at the beat [24] or rhythm levels [25]. Although the 
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high single-dataset accuracies were achieved, no previous hybrid deep learning study 

combined the MIT-BIH and INCART databases to test cross-demographic 

generalization at limited labeled data conditions. 

Most of the ECG datasets are expert-annotated, which restricts the use of 

abundant unlabeled signals. Recent Supervised Learning (SL) models mimic 

diagnostic reasoning without manual labeling. K r a s t e v a  et al. [26] used machine-

generated reference labels on the CSE dataset to objectively benchmark encoder–

decoder networks with residual and recurrent links. Their work highlighted that 

machine-generated annotations can effectively substitute expert labels and represent 

a critical enabler for scalable evaluation across large arrhythmia databases. Semi-

Supervised Learning (SSL) relaxes this constraint and usually leverages a small 

amount of labeled data and a large pool of unlabeled data by means of pseudo-

labeling and contrastive learning techniques [27]. R a s m u s s e n  et al. [28] have 

reported 98.7% accuracy using 5% of labeled data on the MIT-BIH Atrial Fibrillation 

Database, while S h i  et al. [29] reported an improvement in accuracy up to 13.6% on 

the CPSC2018, PTB-XL, and Chapman databases using hybrid pseudo-labeling and 

consistency regularization. Y i n g  et al. [30] presented FedECG, a federated SSL 

framework on MIT-BIH, yielding 94.8% accuracy with 50% of data as unlabeled. 

Z h a i, Z h o u  and T i n  [31] presented a patient-specific 2D CNN SSL model on 

MIT-BIH with sensitivities of 91.8% and 75.6% for ventricular and supraventricular 

beats, respectively. S h i  et al. [32] further improved the accuracy by 5.15% using 

adaptive threshold-based SSL on Chapman, PTB-XL, and SNPH datasets. However, 

most of the SSL studies process ECG as images and rely only on single DL 

architectures, which limits the temporal feature learning from the ECG signal. 

While hybrid CNN-RNN models are dominating ECG classification [17-22], 

most of the existing architectures rely on a sequential pipeline and thereby may not 

effectively capture the full hierarchy of temporal features. Effective analysis needs 

modeling both local temporal features, for example, the shape and duration of  

P-wave, QRS complex, and T-wave, and global temporal features, such as the R-R 

interval trends and heart rate variability across the span of several beats. The 

integration of TCNs, which intrinsically model multi-scale patterns through the 

operation of dilated convolutions [33], with LSTMs in a hybrid architecture remains 

an important lacuna in ECG analytics. This paper proposes a hybrid TCN-LSTM to 

directly model these distinct temporal dynamics comprehensively for enhanced 

heartbeat classification. 

Current SSL frameworks for ECG analysis are mostly architected around 

standalone feature extractors, which are predominantly CNNs [29-31] and 

Variational Auto-Encoders (VAEs) [28]. While these models leverage unlabeled data 

effectively through pseudo-labeling and consistency regularization [29, 30], their 

design depends on single-architecture backbones and lacks mechanisms to integrate 

multi-scale temporal dependencies critical for precise beat interpretation. In the realm 

of fully SL, on the other hand, it has been well established that hybrid models capture 

both local and global temporal features as discussed previously. The integration of 

such evidence-based hybrid temporal architectures within SSL paradigms, however, 

remains vastly unexplored.  
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The critical gap related to the usage of a hybrid model in the SSL framework to 

capture the temporal features of ECG for heartbeat classification is addressed in this 

research work. Specific research aims are to: 

• Formally validate the hybrid TCN-LSTM architecture, trained within a semi-

supervised framework, can achieve supervised-level accuracy in AAMI EC57 5-class 

single-lead heartbeat classification on combined datasets belonging to different 

demographic patients. 

• Investigate the performance of the proposed framework under an extreme 

label scarcity of ≤30% labeled data by testing its robustness and generalizability. 

• Provide interpretable visual explanations of model decisions for various 

classes of heartbeats, with confirmation that learned features match clinically relevant 

ECG morphology as a means of building diagnostic trust. 

By advancing architectural design and data-efficient learning together, this work 

provides a key step towards scalable, interpretable, and clinically viable tools for 

heartbeat-based arrhythmia screening in resource-constrained environments, 

including ambulatory and wearable monitoring. 

2. Materials and methods 

2.1. Description of datasets 

The two publicly available ECG databases with beat-level annotations were utilized 

to develop and evaluate the proposed model: the MIT-BIH Arrhythmia Database 

(MIT-BIH) [16] and the St. Petersburg Institute of Cardiological Technics (INCART) 

database [21]. The MIT-BIH database is a standard dataset used for benchmarking 

heartbeat classification algorithms. The INCART database serves as a 

complementary 12-lead data source with heartbeat annotations obtained from a 

different clinical context. Since both datasets have beat-level annotations, they were 

considered in this cross-dataset experimentation. 

The MIT-BIH dataset consists of 48 half-hour ambulatory ECG recordings of 

two leads belonging to 47 subjects with a sampling frequency of 360 Hz. As 

mentioned by G o l d b e r g e r  et al. [16], each beat of the ECG was labeled using the 

standard AAMI EC57 grouping them into 15 beat classes mapping to five main 

classes. MLII lead ECG, along with their five main beat classes (provided in the 

dataset), considered for this research, are mentioned in Table 1. The recordings of 

102, 104, 107, 114, and 217 of the MIT-BIH dataset were not employed, as they have 

paced beats. 

The INCART dataset has 75 half-hour ECG recordings of 12 leads of 32 

subjects with a sampling frequency of 257 Hz. As mentioned in [21], beat level 

annotations for each ECG recording were grouped into 12 beat types. These 12 beat 

types were mapped to the five beat classes of AAMI in this study for lead II ECG, as 

mentioned in Table 1. The single lead of the ECG of both datasets was considered 

for classification to study the prospective usage of the model for wearable devices. 

Annotation inconsistencies between datasets were harmonized by mapping both to 

AAMI EC57 classes (Table 1), ensuring consistent 5-class labeling despite differing 

original schemes. 
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Table 1. Distribution of samples and annotations in datasets 

AAMI EC57 class 
MIT-BIH INCART 

Annotations Samples Annotations Samples 

Normal beat (N) N, L, R, e, j 90,126 N, L, R 153,674 

Supraventricular ectopic beat (S) A, a, J, S 2781 A, S, J 1960 

Ventricular ectopic beat (V) V, E 7009 V, E 20,013 

Fusion beat (F) F 803 F 219 

Unclassified beat (Q) Q, f, /,? 3004 Q, /, U 52 

2.2. Data preprocessing 

ECG records obtained from the MIT-BIH and INCART databases were uniformly 

preprocessed with a pipeline that consisted of resampling, denoising, segmentation, 

normalization, and dataset splitting. 
 

 
 

Signals were resampled to 125 Hz to unify the 360 Hz rate of the MIT-BIH and 

the 257 Hz rate of the INCART database while retaining diagnostic fidelity for beat-

level classification. In order to ensure that key frequency components were not lost, 

the average Power Spectral Density (PSD) was computed before and after 

resampling, as shown in Fig. 1a and Fig. 1b for the two datasets. The analysis showed 

that over 97% of the total signal energy was below 20 Hz, thus validating that the 

down-sampling did not eliminate diagnostically relevant frequency content. 

A 4th-order Butterworth band-pass filter (0.5-20 Hz) was applied to remove 

baseline wander and high-frequency noise. Though broader bandwidths are common 

in clinical ECG processing, literature supports the fact that the majority of heartbeat-

morphology energy resides below 20 Hz [34-35]. Besides, K r a s t e v a  et al. [36] in 

their encoder-decoder study on 12-lead ECG beats have shown the feasibility of low-

pass filtering without a loss of diagnostic interval measurement accuracy. In this 

respect, it further justifies the use of a 20 Hz upper cutoff as sufficient for beat-level 

morphology in deep-learning contexts. 

The window size was 0.4 s pre-R and 0.4 s post-R, providing a total 0.8 s 

window per segment to capture the full P-QRS-T complexes, including ectopic 

morphologies. This window length was determined by empirical tuning and also 

comes well within the range of various prior studies dealing with beat classification. 

At 125 Hz, 0.8 s corresponds to 100 samples. To allow for the receptive field of 

the hybrid TCN-LSTM architecture (dilations {1, 2, 4, 8, 16}), each segment was 

fixed at 188 samples by zero-padding. Zero-padding preserves the temporal 

(a) (b) 

Fig. 1. Power spectrum of the MIT-BIH dataset (a); power spectrum of the INCART (b) 

dataset 
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alignment of events and prevents morphological distortion. Then, each segment was 

normalized by min-max normalization [0, 1] to standardize the amplitude across 

subjects and recordings. 

For SL, the combined dataset was partitioned into 60% for training, 20% for 

validation, and 20% for testing. For SSL, the data was first split into 80% for training 

and 20% for testing. From the training portion, subsets of 10% and 30% were retained 

as labeled data, while the remainder was treated as unlabeled data, as shown in  

Fig. 2. The significant class imbalance was addressed by applying the Synthetic 

Minority Over-sampling Technique (SMOTE) [37] exclusively to the labeled training 

and validation splits. The model was always evaluated on the original, non-SMOTE 

test data. The final distribution of beats for these splits is detailed in Table 2.  
 

 

Table 2. Data distribution for SSL 

Classes of heartbeat 

10% labeled dataset 30% labeled dataset 

Original 

test data 
Labeled 

training 

data 

Unlabeled 

training data 

Labeled 

training 

data 

Unlabeled 

training data 

N 9752 185,310 29,259 165,803 48,738 

S 192 3653 576 3269 896 

V 1080 20,511 3239 18,352 5431 

F 39 759 120 678 224 

Q 121 2295 362 2054 640 

Total (before SMOTE) 11,184 212,528 33,556 190,156 
55,929 

Total (after SMOTE) 48,760 926,550 146,295 829,015 

2.3. Hybrid TCN-LSTM model 

The proposed hybrid TCN-LSTM architecture (Fig. 3) processes ECG segments of 

length 188 samples, corresponding to one cardiac cycle window after preprocessing. 

Each input sample has a single channel [188×1], and the model outputs a five-

dimensional softmax probability vector corresponding to the five heartbeat classes –

N, S, V, F, and Q. The architecture, as illustrated in Fig. 3, integrates TCN for 

Fig. 2. Preprocessing and Data bifurcation of the ECG data in SSL framework 
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extracting short-term local temporal dependencies and LSTM layers for capturing 

long-term temporal dependencies.  

The model employs two TCN blocks that contain five 1D separable 

convolutions with dilation rates {1, 2, 4, 8, 16} and kernel size 𝑘 = 3. This 

configuration expands the Receptive Field (RF) to 63 samples, effectively spanning 

multiple cardiac cycles. The RF was empirically tuned to ensure coverage of  

P-QRS-T waveform morphology while avoiding over-smoothening of local signal 

variations as validated for ECG analysis in recent TCN-based arrhythmia studies  

[38-40]. Residual connections and layer normalization enhance gradient stability and 

mitigate vanishing effects during deep temporal modeling [38].  
 

 
 

The preprocessed ECG segments were provided to the LSTM layers of 64 units 

in parallel to extract temporal features at a long-term scale. The number of units for 

TCN and LSTM was determined through iterative experimentation with 16, 32, 64, 

and 128 units. 

These experiments revealed that both TCN and LSTM layers performed better, 

with 64 units giving the best trade-off between accuracy and convergence speed [19]. 

Other hyperparameters, such as the number of layers, kernel size of 3 for the TCN, 

batch size of 128, 40 epochs, and learning rate of 0.0001, were determined on the 

basis of prior literature and preliminary experiments [41]. Dominant features from 

the TCN and LSTM layers were extracted by the maximum operation. Other 

approaches of merging layers of two DL models, such as concatenation, averaging, 

and multiplication methods, add complexity and smooth the features, reducing the 

performance. Further, the maximum layer was flattened and was passed to a dense 

layer with softmax activation to classify the heartbeats into five classes: N, S, V, F, 

and Q. The Flattened layer reshapes the multi-dimensional temporal feature maps to 

Fig. 3. TCN-LSTM model architecture diagram 
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a single-dimensional vector essential for the classification layer. The model was 

compiled using the Adam optimizer and categorical cross-entropy loss function, 

which is appropriate for multi-class classification tasks such as heartbeat 

classification.  

2.4 Semi-supervised learning 

SSL is advantageous as it reduces dependence on expert annotation costs, has domain 

adaptation potential, and is scalable to real-world unlabeled data. Hence, the pseudo-

labeling technique of SSL was explored to train the model. Pseudo-labeling [42] is a 

popular SSL method that creates artificial labels (pseudo-labels) for unlabeled 

samples based on predictions made by the model. It employs only high-confidence 

predictions to be used as training samples, thus increasing the effective training set 

with self-labeled instances. The process employed in this study follows a structured 

five-step pipeline as shown in Fig. 4: (1) Train the TCN-LSTM model using a small 

labeled subset of ECG beats; (2) Use the trained model to generate pseudo-labels for 

the unlabeled data (Unlabeled training data); (3) Apply a thresholding mechanism 

(confidence, FlexMatch, adaptive, or entropy-based) to filter high-confidence 

pseudo-labels (pseudolabeling); (4) Combine the labeled and pseudo-labeled samples 

to form an expanded training set (combined training data); and (5) Retrain the model 

on this combined training data and evaluate its performance on the independent 

combined test data (20% of MIT-BIH and INCART datasets each).   

 

 
 

Pseudo-labeling techniques, such as confidence thresholding [43], FlexMatch 

[43, 44], adaptive thresholding [32], and entropy-based adaptive thresholding  

[45, 46], were experimented with because they represent different and popular 

paradigms in pseudo-label generation, ranging from static to dynamically adaptive 

and uncertainty-aware approaches. These techniques ensure well-balanced coverage 

of confidence-based and entropy-driven learning mechanisms, offering robustness 

against label noise and class imbalance. More complex alternatives, including graph-

based or generative SSL methods, were excluded due to higher computational cost 

and reduced interpretability. 

Confidence thresholding is a simple pseudo-labeling method in which the 

pretrained model generates predictions on unlabeled data. These predictions 

represent the model’s confidence in the possible classes. The model selects 

Fig. 4. TCN-LSTM model in the SSL method 
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predictions with a confidence score above a predefined threshold (τ= 0.95) to ensure 

that only reliable pseudo-labels are used, as shown in the equation  

(1)     mask = max_probs ≥ 𝜏,  

where max_probs is the highest Softmax probability for each sample. The model 

generates pseudo-labels 𝑦,̂ for the model’s raw output f(x) applied for input x by 

selecting the class with the highest probability, as shown in the equation 

(2)      𝑦̂ = argmax(𝑓(𝑥)). 

Confidence thresholding is sensitive to the threshold set, unlike the FlexMatch 

method, which can dynamically adjust the confidence threshold per class. More 

frequent classes were assigned higher thresholds (up to 0.95), making the creation of 

new pseudo-labels difficult, whereas minority classes were assigned lower thresholds 

(down to 0.7), creating pseudo-labels more easily. This class-wise thresholding helps 

minority classes contribute more towards the training process and avoids model bias 

towards the frequent classes. FlexMatch also uses Exponential Moving Average 

(EMA) to smooth threshold updates over time with α set to 0.99. Dynamically 

balancing class representations improves generalizability and robustness in cases 

with imbalanced data or when constrained to work with limited labeled data. Pseudo-

label is assigned per class with the highest probability as in the Equation (2). The 

threshold for each class was considered to be 𝜏𝑦̂(𝑥), which was applied by the model 

to determine the confidence of the pseudo-label, as shown in the equation 

(3)      mask(𝑥) = 1(max_prob(𝑥) ≥ 𝜏𝑦̂(𝑥)). 

The class-specific thresholds were updated via EMA smoothing, as  

(4)      𝜏𝑐 =  𝛼𝜏𝑐 + (1 − 𝛼)(1 − 𝑟𝑐 ), 

where τc is the updated confidence threshold for class c, α is the EMA smoothing 

factor set to 0.99, and rc is the class ratio given by 

(5)       𝑟𝑐 =  
𝑛𝑐

∑ 𝑛𝑐+ 𝜖𝐶
𝑐=1

, 

where nc is the number of pseudo-labels for class c in the batch given by  

(6)      𝑛𝑐 =  ∑ 1(𝑦̂(𝑥𝑖) = 𝑐)𝑁
𝑖=1 . 

where  is a small smoothing constant that ensures stable threshold updates, and N 

is the total number of pseudo-labels in the batch;  

Adaptive thresholding uses a class-specific dynamic thresholding mechanism 

with the memory of recent confidence scores (Mc=1000). The class-specific threshold 

was dynamically updated using the 90th percentile of the stored confidence, as  

(7)       𝑇90(𝑐) = percentile90(𝑀𝑐).       
The threshold for each class (τc) was determined through EMA smoothing, as  

(8)     𝜏𝑐 =  𝛼 ×  𝜏𝑐 + (1 − 𝛼) × 𝑇90(𝑐), 

where α is the smoothing factor set to 0.99. The min-max constraints given in the 

next equations: 

(9)     𝜏𝑐 = clip(𝜏𝑐, 𝜏min, 𝜏max), 

(10)     𝜏minϵ{0.5,0.75,0.6,0.85,0.8},  
  𝜏maxϵ{0.98, 0.9, 0.9, 0.93, 0.92} for N, S, V, F, and Q, 

were employed on the threshold to prevent it from being too strict or lenient. Finally, 

the model applies class-specific thresholding to filter out low-confidence pseudo-
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labels, as shown in the Equation (4). Thus, threshold updates were carried out on the 

basis of recent predictions of the Equation (5). 

Entropy-based adaptive thresholding works similarly to adaptive thresholding 

but uses the entropy distribution of the model’s prediction to dynamically update 

thresholds. Entropy computation is performed as shown in   

(11)     𝐻(𝑝) = − ∑ 𝑝𝑖 . log(𝑝𝑖)𝐶
𝑖=1 , 

where pi is the predicted probability for class i. Lower entropy indicates higher 

confidence predictions. For each class, thresholds were dynamically updated on the 

basis of the 90th percentile of past entropy values, as shown in  

(12)       𝑇90(𝑐) = percentile90(𝜀𝑐). 

Threshold updation was performed via (8) followed by class-specific min-max 

bounds, as indicated in (9) and (10) corresponding to classes {0: N, 1: S, 2: V, 3: F, 

4: Q}. Pseudo-labels were selected on the basis of entropy filtering, as depicted in  

(13)      mask(𝑥) = 1(𝐻(𝑝(𝑥)) ≤ 𝜏𝑦̂(𝑥), 

where 𝑦̂(𝑥) is the pseudo-labels as shown in (2). 

2.5 Training configuration and Benchmark setup 

The hybrid model was implemented in SL and SSL using Google Colaboratory with 

a Tesla T4 GPU. MATLAB R2024a with WFDB Toolbox was used to preprocess 

ECG data from the two datasets. The TCN-LSTM model was trained using the Adam 

optimizer with a learning rate of 0.0001, batch size of 128, and a maximum of 40 

epochs. Early stopping was applied based on validation loss with a patience value  

of 5, preventing overfitting and ensuring optimal model generalization. Performance 

metrics-accuracy, macro-average precision, macro-average recall, macro-average 

F1-score, and AUROC were computed on the test data using the best-performing 

checkpoint obtained during training. 

For comparative analysis, five benchmark architectures were implemented 

under identical experimental conditions: CNN, LSTM, TCN, CNN-LSTM hybrid, 

and CNN-BiLSTM hybrid (CNN-Bidirectional LSTM). The CNN was comprised of 

four Conv1D layers (64 filters, kernel = 5), each followed by max-pooling to extract 

local beat morphology. The LSTM model consisted of four LSTM layers with 64 

units for long-range temporal modeling. The TCN model consisted of four TCN 

layers with separable conv1d layers (64 filters, kernel = 3) having dilation rates  

{1, 2, 4, 8, 16}. The hybrid model CNN-LSTM consisted of two layers of CNN  

(64 filters, kernel = 5) followed by max-pooling and two LSTM layers (64 units). 

The CNN and LSTM layers were concatenated, followed by a dense layer (64 units). 

The CNN-BiLSTM layers also utilize the same hyperparameters and layers as  

CNN-LSTM, except that the LSTM used is bidirectional. To benchmark the proposed 

hybrid TCN–LSTM, all the architectures were trained under identical pre-processed 

data, input shape (188 × 1), and optimization settings (Adam optimizer with learning 

rate of 1×10⁻³, batch size of 128, categorical cross-entropy).  

2.6. Model interpretability  

To enhance clinical transparency and address the limitations of black-box DL models 

in ECG analysis, we employed Guided Grad-CAM [47] for visualizing the  
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TCN-LSTM hybrid’s decision-making process. While originally designed for 2D 

image data, we adapted this technique for 1D ECG signals by modifying the gradient 

computation and visualization approach, as validated in recent ECG interpretability 

studies [48]. 

For a given input ECG segment 𝑥 of length 188 samples, we computed the 

gradients of the predicted class score 𝑦c with respect to the feature maps 𝐴𝑘 of the 

maximum fusion layer (used for combining TCN and LSTM outputs) as indicated in 

the equation 

(14)      𝛼𝑘
c =

1

𝑧
∑ ∑

𝜕𝑦c

𝜕𝐴𝑖𝑗
𝑘𝑗𝑖 , 

where 𝛼𝑘
c  represents the importance weights for feature map 𝑘, and 𝑧 is the 

normalization factor. We implement guided backpropagation using a custom ReLU 

function that only propagates positive gradients from positive activations, as depicted 

in the equation 

(15)     𝑅𝑖 = {
𝜕𝑦c

𝜕𝑥𝑖
    if  𝑥𝑖 > 0 and 

𝜕𝑦c

𝜕𝑥𝑖
> 0,

0                             otherwise.
     

The Class Activation Map (CAM) is obtained by linearly combining the feature 

maps with their importance weights as indicated in the equation 

(16)      𝐿Grad-CAM
c = ReLU(∑ 𝛼𝑘

c𝐴𝑘)𝑘 . 

The final saliency map is generated by element-wise multiplication of the Grad-

CAM output with the guided backpropagation signals as 

(17)         𝐿Guided 𝐺rad-CAM
c =  𝐿Grad-CAM

c  ⨀ 𝑅. 

The resulting 1D saliency map is upsampled via linear interpolation to match 

the original input resolution (188 samples) and normalized to a [0, 1] scale. 

The input ECG segments were constructed with 100 non-zero samples within a 

188-sample window, with 88 zero-padded samples. This padding strategy was 

essential for allowing the TCN to accommodate its dilated convolutional receptive 

field while preserving the chronological ordering of cardiac events. All critical 

diagnostic information (P-QRS-T complexes) remains within the 100-sample 

segment, ensuring that no essential morphological features are lost in the zero-padded 

portions. 

All visualizations were generated on held-out test samples from the combined 

MIT-BIH and INCART datasets. A sampling rate of 125 Hz yields a temporal 

resolution of 8ms, which is adequate to capture critical ECG morphological features, 

including P-wave duration (80-120 ms), QRS complex duration (80-100 ms), and  

T-wave characteristics, according to clinical literature [49]. 

3. Results  

3.1. Supervised learning 

The performance of the TCN-LSTM model was evaluated on the test set (n=55,929 

beats). The confusion matrix for the model on combined test data in SL (Fig. 5) 

implies that the heartbeats of the Normal (N), Premature Ventricular contraction (V), 

and unclassified (Q) classes were correctly classified. Due to the similarities in the 
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morphology of the segments, 13% of Supraventricular ectopic (S), and 17% of Fusion 

beats (F) were misclassified as Normal (N), which is negligible. These percentages 

represent the proportion of misclassified beats within Each class. 
 

 
 

The model was compared with other DL models trained on combined training 

data by keeping the same hyperparameters and tested on the combined test data, as 

shown in Table 3. The comparison shows that the TCN and TCN-LSTM models 

perform better than the other models in terms of accuracy and F1-score. The  

TCN-LSTM model achieves the highest precision of 0.860, implying its ability to 

recognize positive cases with fewer false positives. Even though the CNN model 

achieves the highest recall, indicating that it is better at identifying true positive cases, 

its low precision suggests a higher false positive rate. Comparatively, CNN-BiLSTM 

also shows better performance. Overall, the TCN-LSTM model achieves the best 

balance of accuracy, precision, and recall, making it a robust model for real-world 

ECG-based heartbeat classification. 

Table 3. Comparison of the TCN-LSTM model with other DL models on the combined test data 

DL Model Accuracy Precision Recall F1-score AUROC 

TCN 0.980 0.840 0.890 0.860 0.990 

LSTM 0.969 0.770 0.890 0.820 0.990 

CNN 0.972 0.760 0.910 0.820 0.990 

CNN-LSTM 0.973 0.780 0.900 0.830 0.990 

CNN-BiLSTM 0.979 0.810 0.900 0.850 0.990 

TCN-LSTM 0.980 0.860 0.880 0.870 0.990 

3.2. Semi-supervised learning 

The TCN-LSTM model was trained and tested using different SSL methods such as 

confidence thresholding, FlexMatch, adaptive thresholding, and entropy-based 

adaptive thresholding, as indicated in Table 4. The number of unlabeled samples for 

the 10% and 30% labeled data was 926,550 and 829,015, respectively, after the 

application of SMOTE for the samples mentioned in Table 2. Compared with other 

Fig. 5. Confusion matrix of the TCN-LSTM model on combined test data 
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methods, the adaptive thresholding method yields better accuracy and F1-score with 

10% labeled data.  

Table 4. Pseudo-labeling methods using the TCN-LSTM model on the combined dataset 

Pseudo-labeling 

method 

Labeled 

data 
Accuracy Precision Recall F1-score AUROC 

Pseudo-

labels 

Confidence-

thresholding 

(Th=0.95) 

10% 0.968 0.780 0.810 0.800 0.960 753,917 

30% 0.979 0.890 0.830 0.860 0.970 759,459 

FlexMatch 

(Th=0.95) 

10% 0.972 0.830 0.810 0.820 0.960 753,917 

30% 0.976 0.860 0.840 0.850 0.970 759,459 

Adaptive 

thresholding 

10% 0.975 0.850 0.840 0.840 0.970 832,574 

30% 0.979 0.880 0.830 0.850 0.970 737,582 

Entropy-based 

adaptive 

thresholding 

10% 0.968 0.780 0.800 0.790 0.960 876,839 

30% 0.977 0.860 0.840 0.850 0.970 809,036 

The performance of entropy-based adaptive thresholding is similar to that of 

adaptive thresholding, but it generates the highest number of pseudo-labels, 876,839, 

for 10% labeled data, indicating an aggressive pseudo-labeling strategy. The number 

of pseudo-labels decreases in the case of adaptive thresholding for 30% labeled data, 

implying that accurate pseudo-labels were generated with increasing labeled data. 

Overall, adaptive thresholding maintains a balance between accuracy, precision, and 

recall and generates more robust pseudo-labels. 

Table 5. Comparison of DL models with TCN-LSTM using the adaptive thresholding-based SSL 

method with 30% labeled data 

DL model Accuracy Precision Recall F1-score AUROC Pseudo-labels 

TCN 0.970 0.790 0.840 0.810 0.970 737,062 

LSTM 0.945 0.650 0.850 0.720 0.970 596,542 

CNN 0.967 0.760 0.860 0.800 0.970 693,465 

CNN-LSTM 0.969 0.790 0.850 0.820 0.970 700,422 

CNN-BiLSTM 0.970 0.780 0.860 0.810 0.980 680,797 

TCN-LSTM 0.979 0.880 0.830 0.850 0.970 737,582 
 

Since the adaptive thresholding method showed better performance at both 10% 

and 30% labeled data for the TCN-LSTM model, it was further tested with other DL 

models. A comparison of different DL models with the TCN-LSTM model in the 

adaptive thresholding-based SSL method trained on 30% labeled data is shown in 

Table 5. The results indicate that the TCN-LSTM model outperforms other 

architectures when the same hyperparameters are used. Conversely, the TCN model 

has an accuracy of 0.970 and an F1-score of 0.810, which indicates that the inclusion 

of the LSTM component enhances the capacity of the model to learn temporal 

dependencies. The TCN-LSTM model produces the maximum number of pseudo-

labels (737,582), indicating that its strong feature extraction ability and adaptive 

thresholding can provide more confident pseudo-labeling, as indicated in Table 5.  

The radar plots shown in Fig. 6 reveal the performance of the TCN-LSTM model 

with SL and SSL for five types of ECG beats (N, S, V, F, and Q) in terms of precision, 

recall, and F1-score. The SSL model exhibited greater precision, recall, and F1-scores 

for V and N beats. However, SL seemed to outperform in terms of the number of S, 

F, and Q beats, especially in terms of the recall and F1-score. The results appear to 
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indicate that SSL enhances performance where beat types occur more frequently, and 

SL remains a stronger choice for more rare beats. It can also be inferred that the 

performance of the SSL method is similar to that of the SL method, indicating the 

effectiveness of the pseudo-labeling technique and DL model. 

 

 

4. Discussion 

4.1. Comparison with existing methods 

Performance of the proposed model was compared with that reported in the literature, 

as shown in Table 6. This indicates that the proposed method, which uses a hybrid 

DL model in the SSL setting, is proposed for the first time on multiple datasets. 

Table 6. Comparison of the proposed method with previous methods from the literature 

Paper Learning DL model Dataset used 

Performance measures 

Accuracy Precision Recall 
F1-

score 

[50] SL 
HADLN with ResNet and 

BiLSTM 
PhysioNet 2017 

challenge 
0.867 0.866 0.859 0.88 

[52] SL Hybrid 2D CNN-LSTM 
MIT-BIH in 

images 
Average: 

0.998 
- 

Average: 
0.998 

- 

[53] SL Hybrid CNN-BiLSTM MIT-BIH  0.9836 0.894 0.944 0.917 

[41] SL 1D CNN-LSTM 
MIT-BIH & 

LTAF 
0.982 - 0.861 - 

[51] SL HMFF ConVexNet MIT-BIH  0.993 0.993 0.993 0.993 

Proposed 
method 

SL 
Hybrid TCN-LSTM 

model 
MIT-BIH and 

INCART  
0.980 0.860 0.880 0.870 

[31] SSL 2D CNN MIT-BIH  

SVEB: 
0.974 

0.590 
SVEB: 
0.938 

0.725 

VEB: 
0.986 

VEB: 
0.909 

VEB: 
0.875 

VEB: 
0.892 

[30] 
Federated 

SSL 
ResNet-9 (50% labeled 

data) 
MIT-BIH  0.9480 - - - 

[29] SSL 
VGGNet (10% labeled 

data) 

CPSC2018 0.7085   0.6451 

PTB-XL 0.7609 - - 0.5871 

Chapman 0.9608 - - 0.9569 

[32] SSL 
Adaptive threshold-based 
SSL model (10% labeled) 

Chapman 0.9613 - - 0.9570 

PTB-XL 0.7682 - - 0.5942 

SNPH 0.9443 - - 0.9318 

Proposed 
method 

SSL 

Hybrid TCN-LSTM 
model (10% labeled) 

MIT-BIH and 
INCART 

0.975 0.850 0.840 0.840 

Hybrid TCN-LSTM 
model (30% labeled) 

MIT-BIH and 
INCART 

0.979 0.880 0.830 0.850 

Fig. 6. Class-wise Precision, Recall and F1-score of TCN-LSTM model in SL and SSL 

method (30% labeled data),  respectively 
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The hybrid models proposed in the literature focus only on a single dataset, 

leading to less generalization of the model. In the SL environment, the proposed 

model performed with an accuracy of 0.980, precision of 0.860, recall of 0.880,  

F1-score of 0.870, and an AUROC of 0.990, indicating its ability to classify ECG 

heartbeats effectively. In the SSL configuration, the model was highly accurate even 

with sparse labeled data, reaching 0.975 accuracy using 10% labeled data and 

increasing to 0.979 accuracy with 30% labeled data, demonstrating the model's 

efficient use of unlabeled data with adaptive thresholding-based pseudo-labeling. 

Compared with previous methods, the new method outperforms many of the state-

of-the-art methods, such as the HADLN [50] with ResNet and BiLSTM models 

(accuracy = 0.867) and the VGGNet-based SSL model [22], which has an accuracy 

of 0.7085 on CPSC2018. Although the HMFF ConVexNet model in SL [51] 

indicated a greater accuracy of 0.993 on the MIT-BIH dataset, its performance on 

merged datasets as a test of the generalizability is unknown. The model’s balanced 

precision and recall in both SL and SSL ensure fewer diagnostic errors. The balanced 

accuracy, precision, recall, and F1-score performance, combined with the identical 

AUROC values, highlight the ability of the proposed model to process varied ECG 

data and thus be appropriately applied in real-world clinical environments.  

4.2. Model interpretability 

Performance of the model was interpreted by using Guided GRAD-CAM visuals for 

the maximum layer in SL and SSL, as shown in Fig. 7 and Fig. 8, respectively. 

Activation intensity from 0 (purple, low relevance) to 1 (yellow, high relevance), 

overlaid on the ECG signal (black line) and time axis in milliseconds (ms) relative to 

the R-peak (vertical line at 0 ms), is shown in these Guided GRAD-CAM. 

The SL approach reveals distinct class-specific activation patterns that align 

with known cardiac electrical activity. Class N (Fig. 7a) exhibits strong early-phase 

activation around the R-peak, corresponding to normal ventricular depolarization 

patterns. Class S (Fig. 7b) exhibits broader attention over the QRS complex and early 

ST segment, probably capturing the aberrant conductive pathways characteristic of 

these beats. Ventricular ectopic beats (Fig. 7c) show unique dispersed activation 

patterns over several phases of the cardiac cycle, reflecting their distinctive 

morphological characteristics and sites of origin. The model highlights clinically 

relevant regions consistently across all classes, with particular emphasis on the QRS 

complex morphology. At the 125 Hz sample rate, temporal resolution is at 8ms 

intervals, a sampling which captures these important morphological features with 

computational efficiency in mind for real-time applications. 

The SSL approach with adaptive thresholding at 30% labeled data (Fig. 8) 

retains physiologically meaningful attention patterns while showing some adaptation 

due to limited supervision. Class N (Fig. 8a) maintains strong QRS-focused 

activation, Class S (Fig. 8b) shows broader mid-cycle attention, and Class F (Fig. 8d) 

maintains well-localized late-phase activation. Class V (Fig. 8c) displays more 

distributed attention patterns compared to SL, potentially reflecting the model’s 

adaptation to learn from confident pseudo-labels rather than full supervision. 

Comparative analysis confirms that both learning paradigms successfully identify 
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critical ECG components, with the SSL approach achieving comparable 

interpretability despite using substantially less labeled data.  

 

 
 

Preservation of key diagnostic features across both learning paradigms confirms 

that the SSL approach learns medically relevant patterns rather than artifact-based 

correlations and engenders greater trust in the model’s decision-making process for 

clinical applications. 

 

Fig. 7. Guided Grad CAM visuals for SL method: Normal beat (a); Supraventricular 
ectopic beat (b); Ventricular beat (c); Fusion beat (d); Unclassified beat (e) 

(d) 

(a) (b) 

(c) 

(e) 
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5. Conclusion 

This paper proposes a hybrid TCN-LSTM model combined with an SSL framework 

using adaptive threshold-based pseudo-labeling to effectively classify heartbeats. The 

generalization capability of the developed model across different ECG datasets was 

evaluated by training and validating using the combined dataset of the MIT-BIH and 

INCART databases. The proposed hybrid architecture achieved accurate, consistent 

performance in classification by capturing both long-term and local temporal 

dependencies within the ECG signals. In an SSL setup, it was able to use the 

unlabeled data efficiently by achieving 0.979 accuracy and an F1-score of 0.850 with 

just 30% labeled data, whereas its SL model accuracy reached up to 0.980 with a 

precision and F1-score of 0.860 and 0.870, respectively. Guided Grad-CAM 

visualizations further confirmed that SSL-based training enhances feature 

localization and morphological interpretability in ECG waveform analysis. Overall, 

the proposed TCN-LSTM model retained computational efficiency with architectural 

simplicity while competing or outperforming other architectures like CNN-LSTM, 

CNN-BiLSTM, and HMFF-ConvexNet.  

Fig. 8. Guided Grad CAM visuals for SSL method: Normal beat (a); 

Supraventricular ectopic beat (b); Ventricular beat (c); Fusion beat (d); 

Unclassified beat (e)

(a) (b) 

(c) (d) 

(e) 
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These results demonstrate that SSL SSL-based hybrid architecture can retain 

diagnostic reliability while drastically reducing dependency on manual annotation. 

However, this research is constrained to benchmark datasets and single-lead ECG 

analysis. Future work will include extending the model to multi-lead ECG signals, 

exploring transformer-based fusion mechanisms, and testing the system in either 

wearable or real-time clinical ECG monitoring applications. 
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