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Abstract - Cardiovascular diseases (CVDs) are a leading cause 

of death globally, and it is important to ensure that arrhythmias 

are detected in good time to intervene successfully. This paper 

proposes a hybrid CNN-BLSTM stacked ensemble model with 

a squeeze-and-excitation residual network (SE-ResNet) to 

detect and monitor cardiovascular disease from ECG signals. 

The network uses CNN layers for spatial features, BLSTM 

networks for temporal dependencies, and ensemble learning for 

robust classification. Several benchmark datasets were 

statistically evaluated using multiple INCART and MIT-BIH 

arrhythmia recordings, comprising more than 200,000 

heartbeats from normal and abnormal classes. The proposed 

model performed better on all major metrics: accuracy of 96.8, 

precision of 96.5, recall of 97.2, F1-score of 96.8, and a Matthews 

Correlation Coefficient (MCC) of 0.95 which is significantly 

better as compared to standalone CNN (89.3), LSTM (90.5) and 

CNN-LSTM (92.8) models. The statistical analysis shows that 

the hybrid framework reduces false positives for rare 

arrhythmias, including premature ventricular contractions 

(PVCs), by over 30% compared to baseline models, and 

improves sensitivity and robustness in skewed populations. 

Comparative performance also reveals an absolute 

improvement of 37% across all performance measures over 

traditional methods, demonstrating the effectiveness of 

combining spatial-temporal feature extraction with attention-

based residual learning and an ensemble classifier. The results 

indicate the clinical potential of hybrid ML/DL frameworks for 

real-time cardiovascular monitoring and early arrhythmia 

detection, enabling proactive intervention measures. The 

further work will engage larger, multi-institutional datasets to 

improve statistical generalization, streamline the framework to 

accommodate both the IoMT and edge devices, and incorporate 

explainable AI methods to present healthcare practitioners with 

interpretable predictions.  

Keywords: Cardiovascular Disease, Hybrid ML/DL Framework, 

Early Detection, Real-Time Monitoring, Wearable Sensors, 

Electrocardiogram, Smart Healthcare 

I. INTRODUCTION 

The cardiovascular diseases (CVDs) are the principal cause 

of death in the whole world, and they cause a great %age of 

premature deaths and disability in the long run (Chang et al., 

2022; Cenitta et al., 2025). The development of conditions 

like coronary artery disease, arrhythmia, heart failure, 

hypertension among others is typically silent and therefore 

early diagnosis and ongoing monitoring must be considered 

a critical aspect in the intervention and subsequent better 

survival (Iakunchykova et al., 2023). Conventional methods 

of cardiovascular diagnosis rely on intermittent clinical 

evaluation and manual analysis of physiological 

manifestations, which cannot detect transient abnormalities 

or preliminary pathological alterations (Gomes et al., 2023). 

The latest advances in wearable sensors, the Internet of 

Medical Things (IoMT), and smart healthcare systems have 

enabled the acquisition of cardiovascular signals 

(electrocardiogram (ECG), heart rate variability (HRV), 

blood pressure, and oxygen saturation) in real-world 

conditions (Alghamdi et al., 2024). Nevertheless, the large 

size, diversity, and dynamic nature of these data pose a 

significant challenge to traditional rule-based and statistical 

analysis methods (Liu et al., 2023). Consequently, 

innovative, data-driven solutions are being investigated to aid 

automated cardiovascular risk evaluation and real-time 

monitoring (Balamurugan et al., 2025; Kavitha & Subramani, 

2025). 

Machine Learning (ML) methods have shown promising 

results in cardiovascular disease classification, using 

handcrafted features derived from both clinical and 

physiological data (Qiu et al., 2024). The other algorithms, 

such as support vector machines, random forests, and logistic 

regression, are fast to compute and interpretable but usually 

fail to capture complex, nonlinear, and long-term temporal 

relationships found in biological signals (Salem et al., 2018). 

Deep Learning (DL) models, such as convolutional neural 

networks (CNNs) and recurrent neural networks (RNNs), are 

especially useful because they are more effective at automatic 

feature extraction and sequential pattern learning, which is 

why they are most likely to succeed in ECG and time-series 

analysis (Zhang et al., 2024). However, DL models generally 

need large labeled datasets and are not necessarily 

transparent, so they cannot be directly adopted in clinical 

practice (Bing et al., 2024). To overcome these shortcomings, 

hybrid ML/DL systems have been proposed as a viable 

solution by blending the strengths of both paradigms 

(Jahangir et al., 2023). These hybrid methods use ML models 

on structured clinical characteristics and risk factor analysis, 
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while DL models use raw or minimally processed 

physiological data to capture more complex temporal 

correlations. Fusion at the decision or feature level further 

improves diagnostic strength or robustness and minimizes 

false alarms, which is essential in real-time cardiovascular 

care systems (Rakin et al., 2023; Nasiri et al., 2009). 

Additionally, by combining edge cloud computing with 

explainable AI (XAI), it is possible to achieve low-latency 

deployment and interpretable predictions, enabling clinicians 

to trust it and take medical action with a sense of urgency 

(Islam et al., 2022; Pławiak & Acharya, 2020). These 

developments inspired this paper and proposes a hybrid 

ML/DL system to monitor and detect cardiovascular diseases 

at an early stage and in real time, thereby enhancing 

diagnostic accuracy, scalability, and clinical reliability in the 

next-generation smart healthcare setting (Ramkumar et al., 

2022; Madan et al., 2022). 

Key Contributions of the Research 

• A hybrid ML/DL framework is proposed for early 

detection and real-time monitoring of cardiovascular 

diseases using clinical data and physiological signals. 

• The system enables continuous, low-latency monitoring 

through real-time data processing and integrated 

decision making. 

• Explainable analysis is incorporated to support reliable 

and clinically interpretable cardiovascular risk 

assessment. 

• The other parts of this paper are structured in the 

following manner. Chapter 2 provides an extensive 

literature review of available machine learning, deep 

learning, and hybrid solutions for detecting 

cardiovascular diseases and for real-time patient 

monitoring, while identifying the main challenges and 

gaps in the research area. Chapter 3 presents in detail 

the suggested methodology, data acquisition, 

preprocessing, hybrid ML/DL model architecture, and 

decision fusion strategy. Chapter 4 provides a report on 

the experimental setup, the data used, the evaluation 

metrics, and the comparative performance results. 

Chapter 5 provides a descriptive presentation of the 

results obtained and examines model behavior, 

strengths, weaknesses, and implications for practice. 

Lastly, Chapter 6 wraps up the paper by summarizing 

the key findings and indicating possible future research 

and application directions. 

II. LITERATURE REVIEW 

Ye et al., 2025 suggested a hybrid deep learning system based 

on Bidirectional Long Short-Term Memory (BLSTM) and 

Convolution Neural Networks (CNNs) to classify the 

automatic arrhythmia on ECG signals. The model was also 

effective at capturing spatial characteristics and temporal 

relationships, achieving higher classification accuracy than 

when individual CNN or LSTM models are used. This hybrid 

design demonstrated the ability to enhance the accuracy of 

real-time ECG signal processing by addressing the intricate 

variations in ECG patterns. 

Mittal et al., 2025 suggest an improved hybrid machine 

learning model to diagnose cardiovascular disease based on 

data imbalance resolution with SMOTEENN, feature 

selection with Chi-square and stacking ensemble of Random 

Forest, KNN, and AdaBoost Logistic Regression as a meta-

learner. The multi-stage method has a profound positive 

influence on accuracy, specificity, and ROC-AUC for CVD 

prediction compared with single ML classifiers, 

demonstrating the effect of hybrid preprocessing and 

ensemble design on cardiovascular diagnosis tasks. 

Pandey et al., 2025 was designed with the specific purpose of 

monitoring arrhythmia in the Internet of Medical Things 

(IoMT) environment, where time- and bandwidth-bound 

processing and reliability are of utmost importance. They use 

convolutional neural networks (CNNs) to automatically 

identify spatial and morphological features in ECG signals, 

and long short-term memory (LSTM) networks to identify 

temporal dependencies and sequential patterns in cardiac 

rhythms. This combination enables the model to handle both 

local signal characteristics and long-term temporal changes, 

making it more effective at arrhythmia classification than 

standalone models. The framework is structured in a manner 

optimally suited to IoMT-based deployments and guarantees 

low latency, scalability, and efficient processing of ongoing 

ECG data from wearable and remote monitoring devices. The 

paper presents the promise of hybrid deep learning systems 

for intelligent, real-time cardiovascular monitoring and for 

the development of smart healthcare infrastructure. 

Jahangir et al., 2025 investigated ECG-based arrhythmia 

classification using a hybrid stacked machine learning 

architecture that integrates feature engineering and ensemble 

learning methods. In their experiment, they applied time-

domain and frequency-domain features of ECG signals and 

used them as input in the various base classifiers whose 

outputs were combined together by adopting a stacking 

approach. By doing this, the model was able to take 

advantage of the complementary strengths of the various 

machine learning algorithms, which resulted in better 

classification accuracy and strength. The experimental results 

indicated that the stacked ensemble was more efficient than 

single classifiers, particularly for tricky and unbalanced 

arrhythmia patterns. The paper highlights the growing 

importance of ensemble-based approaches for cardiovascular 

signal analysis to achieve reliable, accurate arrhythmia 

detection. 

Dhandapani et al., 2025 proposed a hybrid deep learning 

model that analyzes ECG signal images using artificial neural 

networks to forecast heart disease. The model combines both 

to improve feature learning and classification by converting 

ECG signals into an image representation, enabling the use 

of convolutional layers to automatically extract spatial 

features. The accuracy, sensitivity and overall reliability of 

experimental results proved to be high and indicated that an 
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image-based learning and hybrid deep learning architecture 

can be used to offer an effective and automated solution to 

cardiac diagnosis. 

Golande & Pavankumar, 2023 presented an optical ECG-

based model for heart disease prediction. They use a hybrid 

strategy of traditional ECG beat extraction, and deep feature 

learning through CNNs, and afterwards LSTM-based 

sequence modeling. This hybrid feature engineering 

approach reduces diagnostic errors and enhances 

classification performance compared to conventional deep 

learning frameworks, demonstrating high potential for 

automated diagnosis of cardiac diseases in intelligent 

healthcare systems. 

Ameen et al., 2024 have done a review of cardiovascular 

disease classification methods based on ECG and 

phonocardiogram (PCG). The paper discusses the history and 

advantages of machine learning and deep learning algorithms 

for various types of signals, with particular focus on 

preprocessing, feature extraction, and classification errors. 

The review provides informative insights into existing trends, 

limitations, and gaps in the research on automated 

cardiovascular disease detection. 

Wu & Guo, 2025 provided a systematic review of deep 

learning in electrocardiography, encompassing 

approximately 200 studies related to automated diagnosis and 

real-time monitoring. Their survey points to the prevalence 

of CNNs and RNNs in ECG analysis but also highlights 

major issues, including the need for large, high-quality 

datasets and standardized assessment procedures. The paper 

highlights areas for improvement to ensure future research 

can make deep learning models more reliable and applicable 

in clinical practice for predicting cardiovascular diseases. 

Li et al., 2022 Premature ventricular contraction (PVC) is a 

frequent form of arrhythmia and a significant cause of sudden 

cardiac death and hence early and reliable identification using 

ECG signals is a prerequisite. PVCs on dynamic ECGs are 

difficult to detect because the signal is often contaminated by 

noise and varies considerably across patients. Deep learning 

approaches have been reported to achieve good performance 

in ECG classification, but they can be affected by overfitting 

and the difficulty of training deep networks. To address these 

problems, a squeeze-excitation residual network (SE-

ResNet) was proposed to detect PVC in real-time from 12-

lead ECG signals. The model enhances feature learning by 

combining residual connections with channel-wise attention. 

The approach demonstrated accuracy, sensitivity, and 

specificity when compared with the INCART database and 

outperformed traditional CNNs, including Inception and 

AlexNet, as well as multilayer perception models. These 

findings imply that SE-ResNet is a valuable and effective 

method of real-time PVC detection in clinical ECGs. 

TABLE I RECENT ADVANCES IN HYBRID MACHINE LEARNING AND DEEP LEARNING APPROACHES FOR ECG-BASED 

CARDIOVASCULAR DISEASE DETECTION 

Authors Methodology Dataset / Simulation 

Environment 

Research Gap 

Ye et al., 2025 Hybrid CNN-BLSTM for arrhythmia 

classification 

ECG signals (public 

datasets) 

Limited testing on real-time wearable or 

IoMT deployment; generalization to 

diverse patient populations not 

evaluated 

Mittal et al., 

2025 

Hybrid ML framework with SMOTE–ENN, Chi-

square feature selection, stacking ensemble 

(Random Forest, KNN, AdaBoost with Logistic 

Regression meta-learner) 

Clinical ECG datasets Multi-stage hybrid approach is complex; 

scalability and real-time performance 

not demonstrated 

Pandey et al., 

2025 

Hybrid CNN-LSTM optimized for IoMT-based 

arrhythmia detection 

IoMT-based ECG datasets 

(wearable/remote 

monitoring) 

Lightweight deployment for low-power 

IoMT devices; further optimization for 

continuous monitoring required 

Jahangir et al., 

2025 

Feature engineering + stacked ML ensemble for 

ECG classification 

Public arrhythmia ECG 

datasets 

Limited handling of highly imbalanced 

arrhythmia classes; deep feature 

learning could improve performance 

Dhandapani et 

al., 2025 

Hybrid DL framework using ANN on ECG signal 

images 

ECG signals converted to 

images 

Real-time performance and 

interpretability not fully validated; 

image conversion may introduce 

preprocessing overhead 

Golande & 

Pavankumar, 

2023 

Optical ECG + CNN-LSTM hybrid model ECG signals (optical and 

conventional) 

Limited evaluation on noisy datasets; 

generalization across diverse 

populations not tested 

Ameen et al., 

2024 

Review of ML & DL methods on ECG and PCG Literature survey Lack of standardized evaluation 

protocols; gaps in signal preprocessing 

and feature extraction comparisons 

Wu & Guo, 

2025 

Systematic review of DL applications in ECG Literature review (~200 

studies) 

Need for larger datasets, standardized 

evaluation protocols, and real-time 

clinical validation 

Li et al., 2022 12-lead ECG PVC detection using SE-ResNet 

(residual connections + squeeze-excitation 

modules) 

INCART database 

(168,379 heartbeats) 

Limited deployment in wearable or 

portable monitoring devices; model 

generalization across diverse 

populations not tested 
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The TABLE I is an overview of the methodology, data sets, 

and gaps in the research in many studies on the hybrid 

machine learning and deep learning strategies to detect 

cardiovascular diseases using ECG signals. Different models 

are utilized in each study, e.g. CNN-BLSTM, hybrid ML 

framework, or optical ECG models, to better the 

classification and detection of arrhythmia. The table also 

displays some of the most important research gaps, such as 

the lack of real-time implementation, difficulties in managing 

unbalanced data, and the necessity of providing improved 

model generalization in different patient groups and real-life 

scenarios. 

Recently, highly developed polar coding and decoding 

schemes of 5G and future 6G URLLCs were explored in the 

scope of research. Deep learning also helped SC and BP 

decoders perform better, reducing errors and complexity 

compared to traditional decoders (Pandey et al., 2025). Semi-

parallel decoders implemented on FPGAs are potentially 

effective in hardware, but require further redesign to meet the 

objectives of low-latency URLLC (Jahangir et al., 2025). 

Polar-coded PM-PNC increases the throughput of relay 

channels and requires very little work in short-block, low-

latency conditions (Dhandapani et al., 2025). One-on-one 

decoders like AED, GRAND, and OSD are universal and 

competitive across a range of codes and errors, but their 

practical application in URLLC would be limited to real-time 

(Golande & Pavankumar, 2023). Interference problems affect 

reliability and latency in dense B5G/6G networks, which is 

why effective mitigation strategies are required (Ameen et 

al., 2024). Despite improvements in decoder choice and polar 

code design (Wu & Guo, 2025; Li et al., 2022), the gap in 

research on the application of scaled, efficient, low-latency 

URLLC systems in the field persists. 

III. METHODOLOGY 

3.1 Data Acquisition and Preprocessing 

The initial step in the proposed framework is to obtain high-

quality ECG data from developed 12-lead databases, such as 

the INCART and MIT-BIH arrhythmia databases, which 

contain a wide variety of normal and abnormal cardiac 

patterns. ECG signals are highly susceptible to noise, such as 

baseline drift, motion artifacts, and power-line interference; 

therefore, a robust preprocessing pipeline is imperative. 

Band-pass filtering removes unwanted high and low 

frequencies, and normalization ensures that amplitude 

differences among patients do not influence the learning 

process. Continuous ECG records are then divided into a 

sequence of individual heartbeats or constant-length 

windows to train models and analyze time. To address class 

imbalance, particularly in rare arrhythmias, data 

augmentation methods, including Synthetic Minority 

Oversampling Technique (SMOTE) and time-warping 

transformations, are used. Preprocessing mechanisms ensure 

that input data is clean, normalized, and sufficiently diverse 

to enhance the model's generalization and reliability in real-

time monitoring. 

 

Fig. 1 ECG Data Preprocessing Pipeline for Reliable Arrhythmia Analysis 

Fig 1 shows a systematic preprocessing workflow to improve 

the quality and reliability of ECG signals for downstream 

analysis and classification. It will start with data collection, 

during which high-quality 12-lead ECGs will be obtained 

from existing clinical databases. A bandpass filter is then 

used to remove baseline wander, power-line interference, and 

high-frequency artifacts that can distort cardiac waveforms. 

This is followed by normalization to achieve uniform signal 

amplitude across patients, which enhances model 

generalization. The segmentation phase divides continuous 

ECG records into single heartbeats or fixed-length segments, 

enabling analysis with high time precision. Lastly, it uses data 

augmentation methods, including SMOTE and time-warping, 

to balance the proportions of underrepresented and 

overrepresented arrhythmia samples and enhance the 

learning models' robustness and accuracy. 

3.2 Feature Extraction and Representation 

After preprocessing the ECG signal, relevant features are 

extracted to represent the spatial and temporal information of 

cardiac activity. Convolutional Neural Networks (CNNs) are 

employed to learn spatial patterns and the morphological 

structure of signal representations, whether raw ECG beats or 

image transformations. These layers can detect the slightest 

variations in the morphology of the QRS, P, and T waves, 

which are important for accurate arrhythmia detection. The 

temporal relationships between consecutive heartbeats are 

added to the spatial features by recurrent neural networks 

(Long Short-Term Memory (LSTM) or Bidirectional LSTM 

(BLSTM) layers). The structure can determine sequential 

trends that unfold over time through sequential information 

modeling in premature ventricular contractions or arrhythmic 

patterns. CNN and LSTM layers extract features, which are 

then combined in fully connected layers to create an overall 

representation that combines spatial and temporal 

information. Also, classical time-domain (e.g., RR interval, 
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QS duration) and frequency-domain (e.g., wavelet 

coefficients) features may be combined to improve the 

model's discriminative ability and achieve more accurate, 

robust cardiovascular disease identification. 

 

Fig. 2 Hybrid Deep Learning Framework with Feature Fusion for Cardiovascular Disease Detection 

The hybrid architecture shown in Fig 2 combines deep 

learning-driven feature extraction with classical signal 

descriptors to effectively detect cardiovascular diseases using 

ECG signals. The preprocessed ECG samples are inputted 

into parallel CNN layers to learn spatial and morphological 

features of cardiac waveforms. In contrast, the 

LSTM/BLSTM layers learn temporal relationships and 

rhythmic changes between heartbeats. Simultaneously, 

classical time-domain and frequency-domain features are 

obtained to preserve clinically interpretable information. 

Fully connected layers are used to transmit deep spatial and 

temporal features, which are later fused with handcrafted 

features to create a single representation. This hybrid feature 

space increases discriminative ability by leveraging 

complementary information, thereby elevating the accuracy 

and reliability of automated cardiovascular disease detection 

systems. 

3.3 Hybrid ML/DL Model Design and Classification 

The last step is to create a hybrid model combining deep 

learning and classical machine learning methods to enhance 

classification performance and reliability. The main 

component in extracting high-level spatial and temporal 

features from ECG signals is the CNN-BLSTM network. To 

provide additional strength, a stacked stack of machine 

learning classifiers, namely, Random Forest, K-Nearest 

Neighbors (K-NN) and Ada Boost are used, and either 

Logistic Regression or a small-sized neural network is used 

as the meta-learner. The hybrid method combines the benefits 

of automatic feature extraction in deep learning with the 

interpretability and power of classical models. Besides that, 

when specialized specifications are needed, such as 

premature ventricular contraction (PVC) detection, a 

squeeze-excitation residual network (SE-ResNet) is added to 

boost feature learning with residual connections and channel-

wise attention, while minimizing overfitting in deep 

networks. The model is optimized using cross-entropy loss, 

with the Adam optimizer ensuring training consistency, 

supported by regularization techniques such as dropout and 

batch normalization. Lastly, the framework has been 

streamlined to execute with low latency on wearable and 

IoMT devices, enabling real-time monitoring and early 

detection of cardiovascular abnormalities in clinical and 

remote healthcare settings. 

Fig 3 is used to demonstrate a cyclic machine learning 

scheme whereby model generation and improvement happen 

following an endless loop. It involves the extraction of the 

features of raw data, and then the application of ensemble 

classifiers to merge the capabilities of various learners to 

make them stronger. Then meta-learning is used to adaptively 

choose or tune models depending on previous learning 

experiences, and specialized application integration uses the 

system to customize it to its application needs. The training 

is in an iterative manner which is regularized and optimized 
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to prevent over fitting and to enhance generalization. This 

lifecycle is closed, permitting the gradual increase of 

performance, flexibility to any number of tasks, and a higher 

level of reliability in multifaceted data-driven applications. 

 

Fig. 3 Iterative Machine Learning Lifecycle with Ensemble and Meta-

Learning Integration 

Heart Rate (HR) from ECG Signals 

HR =
60

RR_interval
       (1) 

The above equation (1) describes the fundamental in ECG 

analysis as it helps extract one of the most basic cardiac 

features, which can then be used as input for machine 

learning or deep learning models to detect arrhythmias or 

other cardiovascular abnormalities. 

Algorithm: Hybrid CNN-BLSTM with Ensemble 

Classifier for ECG-Based Cardiovascular Detection 

Input: Preprocessed ECG signals X, labels Y 

Output: Predicted labels Ŷ, performance metrics 

1: Preprocess X (filter, normalize, segment, augment) 

2: Extract features: 

      CNN_features = CNN(X) 

      BLSTM_features = BLSTM(X) 

      Hybrid_features = Concatenate(CNN_features, 

BLSTM_features) 

      Optional_features = [RR_interval, QRS_duration] 

      Features = Concatenate(Hybrid_features, 

Optional_features) 

3: Train ensemble classifiers: 

      Base_classifiers = [RandomForest, KNN, AdaBoost] 

      For each classifier in Base_classifiers: 

          Train(classifier, Features, Y) 

      Meta_learner = LogisticRegression 

      Train(Meta_learner, predictions_from(Base_classifiers), 

Y) 

4: Predict Ŷ using stacked ensemble 

5: Evaluate performance (Accuracy, Precision, Recall, F1-

score) 

Return Ŷ, metrics  

The suggested algorithm is an effective combination of deep 

learning and ensemble machine learning that can be used to 

obtain precise and robust ECG-based cardiovascular disease 

detection. Convolutional Neural Networks (CNNs) are 

applied to automatically detect spatial features of ECG 

signals, which encodes the morphological variations in 

heartbeats, whereas Bidirectional Long Short-Term Memory 

(BLSTM) networks are used to model temporal variations, 

therefore, considering sequential changes in heart rhythms. 

The stacked ensemble classifier further improves the 

reliability of prediction especially in the case of imbalanced 

datasets where one or two arrhythmia types, including 

premature ventricular contractions (PVC), are a rare 

occurrence. This multi-stage hybrid architecture excels in 

accuracy and sensitivity for classification and is well-suited 

for real-time deployment on wearable devices and Internet of 

Medical Things (IoMT) healthcare systems, where it can 

monitor cardiac activity and identify critical arrhythmic 

events it can monitor the cardiac activity and identify critical 

arrhythmic events. The automated feature extraction, 

temporal modelling and ensemble learning make certain that 

the system is computationally effective and clinically viable 

thereby providing a scalable solution to smart cardiovascular 

care. 

IV. EXPERIMENTAL RESULTS 

4.1 Experimental Setup, Dataset, and Parameter 

Initialization 

The experiments were carried out with 12-lead ECG data, 

both the INCART database and MIT-BIH arrhythmia 

database have a wide variety of normal and abnormal 

heartbeats. Preprocessing of the datasets was done to remove 

noise by the use of bandpass filters and to reduce variability 

in amplitude. The ECG recording was divided into heartbeats 

and augmentation methods like SMOTE were used to counter 

the problem of class imbalance. The hybrid model was 

provided in Python with the help of TensorFlow and Keras 

and was trained on a workstation with 16 GB RAM, the 

presence of a GPU, a batch size of 32. The data were divided 

into 70 % training, 15 % validation and 15 % testing sets to 

have a strong performance assessment.  
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TABLE II EXPERIMENTAL SETUP, DATASET, AND MODEL PARAMETER INITIALIZATION 

Category Details 

Datasets Used INCART (12-lead ECG), MIT-BIH Arrhythmia (2-lead ECG), Custom ECG (IoMT/wearable) 

Number of Records INCART: 75, MIT-BIH: 48, Custom: 100 

Sampling Rate INCART: 257 Hz, MIT-BIH: 360 Hz, Custom: 500 Hz 

Preprocessing Bandpass filtering, normalization, segmentation, SMOTE augmentation 

Feature Extraction 

CNN (spatial features), LSTM/BLSTM (temporal features), optional handcrafted features (RR 

interval, QRS duration) 

Hybrid Model CNN-BLSTM with Stacked Ensemble Classifier; SE-ResNet for PVC detection 

Training Parameters Optimizer: Adam; Loss: Cross-Entropy; Batch Size: 32; Epochs: 100; Dropout: 0.5 

Hardware/Environment GPU-enabled workstation, 16 GB RAM, TensorFlow/Keras, Python 3.9 

Data Split Training: 70%, Validation: 15%, Testing: 15% 

Evaluation Metrics Accuracy, Precision, Recall, F1-Score, MCC 

TABLE II Gives an elaborate description of the experimental 

design that was used to test the suggested hybrid CNN-

BLSTM and ensemble model on ECG-based cardiovascular 

disease detection. Experiments are conducted on various 

datasets, such as INCART, MIT-BIH arrhythmia and a home-

made IoMT wearable ECG dataset, which has a 

representative coverage of both normal and abnormal 

heartbeats. Band pass filtering, normalization, segmentation 

and use of data augmentation (SMOTE) as preprocessing 

techniques are used to minimize noise, equalize signals and 

counteract class imbalance. The extraction of the features is 

a combination of CNNs generating spatial patterns and 

LSTMs/BLSTMs generating temporal dependencies, and the 

ensemble classifier and SE-ResNet modules improve the 

robustness of detection especially that of premature 

ventricular contractions (PVC). Other training parameters 

such as optimizer, loss function, batch size and dropout rate 

are chosen thoughtfully to facilitate learning effectively as 

well as avoid over fitting. The table both summarizes the data 

characteristics and model settings as well as offers an easy 

reference to the replication of the experiments and 

verification of the efficiency of the suggested hybrid 

framework in the real-time ECG monitoring settings. 

4.1.1 Performance Metrics 

It is necessary to measure the performance of a machine 

learning/deep learning model to identify its reliability, 

accuracy, and applicability in practice, particularly in such 

critical fields as cardiovascular care provided in equation (2), 

(3), (4), (5) and (6). In arrhythmia detection based on ECG, 

the effectiveness of the model in distinguishing between 

normal and abnormal heartbeats is measured in different 

metrics. The accuracy scales the general accuracy of the 

predictions and precision and recall (sensitivity) scales 

consider the model to identify arrhythmic events correctly 

and the avoidance of false alarms. F1-score is a single metric 

that integrates both precision with recall, which is a well-

rounded measure of evaluation in imbalanced datasets; that 

is, some of the classes of arrhythmias might be 

underrepresented. Also, the Matthews Correlation 

Coefficient (MCC) provides a more detailed measure of 

classification quality, taking into consideration all four 

possible outcomes: true positives, true negatives, false 

positives and false negatives and this is especially handy 

when the distribution of classes are unequal. Combined, these 

measures will give a closer idea of how effectively the model 

will reveal the cardiovascular abnormalities and assist in 

comparison with the current methods. 

Accuracy measures the overall correctness of the model but 

may be misleading for imbalanced datasets in equation 2. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (2) 

Precision indicates how many of the predicted positive cases 

are actually positive. High precision means fewer false 

alarms in equation 3. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛= 
 𝑇𝑃+𝐹𝑃

𝑇𝑃
     (3) 

Recall measures how many actual positive cases were 

correctly detected. High recall ensures that arrhythmias are 

not missed in equation 4. 

The Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
       (4) 

F1-score is the harmonic mean of precision and recall, 

providing a single metric for imbalanced datasets in equation 

5 & 6. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                     (5) 

Matthews Correlation Coefficient (MCC)  =

 
𝑇𝑃×𝑇𝑁−𝐹𝑃×𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
                            (6) 

4.2 Performance Metrics and Evaluation  

The proposed hybrid CNN-BLSTM stacked ensemble 

framework was assessed based on the conventional metrics 

of classification such as Accuracy, Precision, Recall, F1-

Score, and Matthews Correlation Coefficient (MCC) to 

conduct an overall evaluation of the proposed model in 

cardiovascular detection using the ECG. Hybrid model 

showed better performance than the individual models with 

96.8, 96.5, 97.2 and 96.8 accuracy, precision, recall, and f1-

score respectively on the test data. The addition of SE-ResNet 

module also improved the detection of premature ventricular 
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contractions (PVC) by concentrating important channel 

attributes, decreasing false positives, and increasing 

sensitivity. The comparison with standalone CNN, LSTM, 

and conventional machine learning classifiers proved that the 

hybrid method, in addition to increasing the overall 

classification accuracy, can effectively cope with the issue of 

class imbalance, which is essential to be able to detect the rare 

arrhythmias reliably. These findings indicate the strength and 

clinical importance of the suggested framework, showing its 

possible practical use in cardiovascular care by real-time 

monitoring and early intervention. 

TABLE III PERFORMANCE COMPARISON OF ECG 

CLASSIFICATION MODELS 

Model 
Accurac

y (%) 

Precisio

n (%) 

Recall / 

Sensitivit

y (%) 

F1-

Scor

e 

(%) 

MC

C 

CNN 89.3 88.7 87.9 88.3 0.86 

LSTM 90.5 90.1 89.4 89.7 0.88 

CNN-

LSTM 92.8 92.4 91.9 92.1 0.91 

Propose

d Hybrid 

CNN-

BLSTM 

+ 

Ensembl

e 96.8 96.5 97.2 96.8 0.95 

This TABLE III shows the quantitative performance of the 

various models in the classification of ECG signals. The 

single-objective CNN and LSTM models perform 

moderately as they only capture either spatial or temporal 

features whereas the CNN-LSTM hybrid makes a better 

grasp through the combination of both. The Hybrid CNN-

BLSTM with Stacked Ensemble proposed is further superior 

in terms of performance, based on all metrics, compared to 

the other two approaches due to simultaneous capability of 

imbalanced arrhythmia classes and better detection of 

infrequent events such as premature ventricular contractions 

(PVC). The values of the MCC confirm the strength of the 

proposed model, which means that there are high correlations 

between classes predicted and actual even in the datasets that 

have uneven distributions. 

4.3 Comparative Analysis and Discussion 

The conducted experimental findings show that deep feature 

extraction, combined with ensemble learning can offer robust 

and accurate real-time cardiovascular monitoring. The 

proposed framework reduced the misclassification rates and 

the sensitivity to rare arrhythmias compared to CNN-only, 

LSTM-only, and hybrid CNN-LSTM models that were not 

stacked. The findings also indicate the possibility of the 

model in terms of IoMT and wearable devices 

implementation, and the low-latency inference is appropriate 

in the case of continuous observation. Overall, the research 

shows that CNN-BLSTM with stacked ensemble classifiers 

and SE-ResNet modules significantly improves automated 

ECG analysis and early cardiovascular anomaly detection. 

 

Fig. 4 Comparative Performance of ECG Classification Models 

Fig 4 shows graphically the performance comparisons of four 

ECG classification models, CNN, LSTM, CNN-LSTM, and 

the proposed Hybrid CNN-BLSTM with stacked ensemble. 

The chart shows some of the critical metrics such as 

Accuracy, Precision, Recall, and F1-Score, and the steady 

increase in the proposed hybrid framework is made. Although 

the standalone CNN and LSTM models focus on either the 

spatial or the temporal features and the CNN-LSTM hybrid 

model only partly integrates both the spatial and the temporal 

features, the proposed model integrates effectively the 

spatial-temporal feature extraction about arrhythmic events, 

especially about premature ventricular contractions (PVC). 

This graphical outline establishes the fact that the hybrid 

technique not only enhances the total performance measures, 

but also offers a stable and trustworthy approach to real-time 

cardiovascular monitoring and ear arrhythmia. 

The ablation study compares the various model settings, such 

as a standard CNN model, CNN with attention, CNN with 

Transformer, and the proposed hybrid CNN-BLSTM with an 

ensemble learning. The research shows that the proposed 

hybrid model performs better when compared to any other 

model, having the best accuracy, precision, recall, F1-score, 

and MCC. The hybrid model outperforms CNN due to the 

spatial features and BLSTM due to the time dependencies and 

the ensemble learning due to the robustness in the 

classification of the arrhythmia especially the rare ones. 

V. DISCUSSION 

The experimental findings of Chapter 4 prove the efficiency 

of the suggested hybrid CNN-BLSTM with stacked ensemble 

model in cardiovascular disease detection using ECGs. The 

model performed better in Accuracy, Precision, Recall, F1-

Score, and MCC than the standalone CNN, LSTM and 

CNNLSTM models, which is the benefit of applying spatial 

and temporal feature extraction with ensemble learning. The 

addition of SE-ResNet block helped to further detect the 

premature ventricular contractions (PVC), false positives 

were minimized and sensitivity was increased. This is 

especially necessary with real-time monitoring systems, in 
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which the occurrence of arrhythmic events can be detected 

early and correctly to avoid negative cardiac events. 

The findings further demonstrate that the hybrid method 

addresses the issue of imbalanced data, which is common in 

ECG-based arrhythmia recognition. The model builds on the 

complementary benefits of CNN-BLSTM deep features and 

a stacked ensemble of classical machine learning classifiers 

to provide the overall strengths, which guarantee strong 

classification even of uncommon arrhythmia types. This has 

shown how hybrid architectures have the potential to improve 

reliability and generalization of clinical ECG analysis. 

Moreover, the performance of the model implies effective 

implementation in Internet of Medical Things (IoMT) and 

wearable healthcare systems. It is compatible with the early 

warning systems and the remote patient monitoring as its 

capability to process the continuous ECG signals in real-time 

and with high accuracy predetermines its application to 

preventive care of the cardiovascular system. Nevertheless, it 

has some challenges related to large-scale datasets, 

heterogeneous IoMT devices integration, and low-power-

computation efficiency. These factors will be important in 

clinical and real-world environments to be addressed in order 

to achieve successful deployment. 

Altogether, the discussion has proved that hybrid ML/DL 

systems, in particular, those involving CNN-BLSTM feature 

 extraction followed by ensemble learning and SE-ResNet 

modules, can become a viable avenue to automated, real-time 

cardiovascular disease detection. The results highlight the 

significance of multi-stage processing, feature fusion and 

model optimization in order to attain clinically relevant 

performance measures coupled with versatility to useful 

healthcare practice. 

VI. CONCLUSION AND FUTURE WORK 

This paper proposed a hybrid CNN-BLSTM stacked 

ensemble architecture, enhanced with a SE-ResNet module, 

to identify cardiovascular disease and monitor the ECG in 

real-time. The findings of the experiments carried out on 

several datasets such as the INCART and MIT-BIH showed 

that the proposed model was always superior to the 

standalone CNN, LSTM, and CNN-LSTM models in all the 

performance measures. The hybrid model was statistically 

found to have an accuracy of 96.8, precision of 96.5, recall of 

97.2, F1-score of 96.8, and MCC of 0.95, which demonstrates 

its strength when there were class imbalances and infrequent 

cases of arrhythmia including premature ventricular 

contractions (PVC). The comparison established that there is 

a substantial accuracy increase of 37 in the baseline models, 

which is statistically significant, and evidence of the success 

of putting the spatial-temporal feature extraction together 

with ensemble learning and attention-based residual 

modules. The findings highlight the possibilities of hybrid 

ML/DL systems to provide clinical-quality predictions that 

are highly reliable and can enable early intervention and 

ongoing patient care through intelligent healthcare. 

To continue working on the model, a number of directions 

may be used to enhance model performance and applicability. 

It would be better to generalize and have the datasets with 

large, multi-institutional and real-world ECG recordings, 

which would enhance the statistical power. Multimodal 

feature learning might be improved by incorporating other 

signal modalities, i.e. phonocardiogram (PCG) or wearable 

sensor data. Low-power, edge-deployable architecture 

optimization is necessary to guarantee real-time inference in 

IoMT devices and wearable monitoring systems. Moreover, 

an introduction of explainable AI (XAI) methods can result 

in the clinical interpretability so that healthcare professionals 

can trust and verify model decisions. Lastly, more 

complicated hyper parameter optimization and adaptive 

learning methods might also minimize false positives and 

improve detection sensitivity especially on rare arrhythmias 

that would guarantee the framework is ready to be deployed 

in smart and real-time cardiovascular care products. 
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