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method has assisted in revealing the most important
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making the prediction results interpretable and meaningful
from the clinical perspective. In summary, the proposed
approach has shown how multimodal Al systems might
help with early heart disease diagnosis and offers a
promising solution for future real-time applications.

1. Introduction

An estimated 18.6 million deaths worldwide are attributed as the primary source of morbidity and mortality, to
cardiovascular diseases (CVDs) [1]. The increasing prevalence of CVDs globally highlights the need for new
approaches to enhance early diagnosis, risk prediction, and tailored management strategies [2]. More than 70% of
deaths worldwide are caused by heart disorders, especially cardiovascular diseases (CVDs), which are the leading
cause of illness and death globally. The Global Burden of Disease report from 2017 states that approximately 43%
of all deaths are attributable to CVD. [3]. A study found that being overweight affects high blood pressure, high
cholesterol, and—above all—the effect of stress hormones on heart disorders, contributing to the death of 2.8
billion people from heart problems [4].

In 2008, heart disease claimed 17.3 million lives. By 2030, it is predicted that more than 23.6 million individuals
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will die from heart disease [5]. When part of the heart muscle is lost, it is referred to as a heart attack or myocardial
infarction. The loss of cardiac muscle will cause the heart organ's blood flow to be interrupted or stopped. Blood
pumping into the circulatory system is the primary function of the heart in both people and animals. If one of the
heart's ventricles fails, the heart will be attacked, and if resuscitation is not performed right once, the patient will
die [6]. As a result, these sudden assaults may cause a patient to pass away before seeking medical help [7].
Heart disease risk is "reversible," according to epidemiological study, meaning that risk factors can be decreased
to lower the chance of heart disease developing or postponing it [8]. Early management relies on prediction and
monitoring because heart disease often has no symptoms [9]. Considering the health and medical background of
a patient, Al and machine learning can forecast heart attacks, reducing the chance of death. There are humerous
applications for machine learning. Additionally, it works well for detecting heart disease [10]. Several research,
have tried to predict cardiac attacks using machine learning [11]. Even though they constitute the cornerstone of
cardiovascular treatment, traditional diagnostic techniques can sometimes fail to capture the complexity and
diversity of modern practice. With the promise to produce more precise and understandable outcomes on patient
health, artificial intelligence has recently surfaced as a game-changing development in the field of cardiovascular
medicine [12].

In decision support systems, machine learning (ML) can effectively provide trustworthy predictions [13].
Wearable Internet of Things (10T) technology is used to collect medical records from the patient's body and utilize
machine learning to assess the risk of CVDs [14]. Algorithms for machine learning learn from historical data and
make predictions based on current data. Algorithms are able to process large amounts of data and extract valuable
information [15]. In a comparison of feature selection techniques for heart attack prediction, the top classifiers
were Naive Bayes, Support Vector Machine (SVM), and K-Nearest Neighbors (KNN) [7]. In this work, we
describe a unique hybrid artificial intelligence (Al) method that integrates clinical data and deep ECG feature
representations in order to detect heart problems early.

The proposed framework takes advantage of a multimodal architecture where deep learning-based representations
of ECG signals are integrated with key patient-specific clinical features to improve the predictive accuracy. By
incorporating both physiological patterns extracted from ECG waveforms and key risk factors derived from
clinical data, the proposed framework offers a more comprehensive insight into cardiac health than conventional
diagnostic methods. Moreover, the proposed hybrid framework is intended to improve the accuracy, sensitivity,
and resilience of the diagnostic process by capitalizing on the complementary strengths of signal-based and
attribute-based analysis. By doing so, the proposed framework seeks to provide accurate, interpretable, and
meaningful predictions to enable early interventions and personalized cardiovascular care.

2. Materials and techniques

2.1 Description of the Data
In this study, a hybrid framework is developed that has the ability to combine the ECG signals with the clinical
attributes to detect heart disease at an early stage. This research uses two different datasets to develop the hybrid
Al model. The first dataset is used to obtain high-resolution electrocardiogram (ECG) signals. The second dataset
contains clinical and demographic risk factors that are associated with cardiovascular disease.

A. ECG Dataset (ECG Signals)

The ECG part of this work is based on a well-known and widely used benchmark database for cardiac signal
processing. This database holds 48 half-hour samples of two-channel ambulatory ECG recordings from 47
different patients. The recordings are a mix of inpatients and outpatients to address a broad spectrum of clinical
variability. The data was chosen randomly from a larger pool of 24-hour Holter recordings, and some examples
were chosen to include less common but clinically important arrhythmias that might not be seen as often in random
selections. All ECG signals were digitized at a sampling rate of 360 samples per second per channel with 11-bit
resolution over a 10mV dynamic range. Each record was annotated independently by several cardiologists, and
inconsistencies were resolved to generate accurate beat-by-beat labels. The dataset provides around 110,000
annotated heartbeats, which is sufficiently comprehensive for learning deep learning models for arrhythmia
analysis and ECG-based cardiac classification [17]. In this paper, the entire ECG dataset was used to learn deep
temporal features using a convolutional neural network-based feature extractor. The learned features represent the
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physiological input branch of the proposed hybrid diagnostic system.

B. Heart Disease Dataset (Clinical Data)

The clinical component of the model is based on a merged Heart Disease Dataset, which was derived from the
Cleveland, Hungary, Switzerland, and Long Beach V databases (1988). Although the full dataset contains 76
medical features, the most popular set of existing literature, including this study, uses the established set of 14
proven clinical features. These features are widely recognized as key indicators of cardiovascular risk and are
frequently employed in clinical settings for assessing the likelihood of heart disease [18].

2.2 Data Preprocessing

In an effort to ensure the quality, consistency, and usability of both ECG and clinical data, before the model was
developed, a number of preprocessing processes were completed. Preparing the modalities for multimodal fusion
in the hybrid framework, managing data format variability, and guaranteeing noise reduction all required
preprocessing processes.

It is crucial to state here that ECG and clinical data from the experiments are associated with different
individuals and not the same patients. As such, it would be impossible to conduct a patient-level fusion. In light
of this challenge, a feature level integration technique was implemented, which involves merging embeddings
obtained from ECG data with those extracted from clinical data. In the experiments, a statistical matching
methodology involving random index matching was considered for aligning ECG samples with clinical data. It
allows us to conduct multimodal learning without having to make any assumption about true associations between
the patients. Preprocessing steps were performed independently to avoid information leakage.

A. ECG Signal Preprocessing

The ECG signals were processed using a comprehensive preprocessing task to ensure the quality of the signals
and the removal of noise. The preprocessing task involved the following steps: The first step of the preprocessing
task involved the use of a band-pass filter having a 540 Hz frequency range. The main aim of this step was the
removal of noise that was related to muscle activity and high-frequency noise while ensuring that the essential
parts of the waveform were maintained, especially the QRS complex. After the preprocessing task, the R-peaks of
the ECG signals were identified using an appropriate peak detection algorithm, as shown in figure 1.
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Figure (1): ECG Signal Filtered with Identified R-Peaks (Record 100)
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For the purpose of supervised learning, the ECG signals were divided into fixed-size windows of 2 seconds (720
samples). Further, each window was classified as either normal or abnormal based on the beat labels provided by
the dataset's expert. To train and test the model, the entire dataset was divided using a stratified sample technique.
This ensures that the training and testing datasets have an equal number of normal and abnormal

Table (1): Sample of Clinical Heart Disease Dataset

heartbeats. Around 80% of the dataset was used for training the model.

B. Clinical Data Preprocessing

The clinical dataset contains 1,025 samples and 14 features, which include demographic information, laboratory
results, symptoms, and diagnostic features. The target feature is whether heart disease is present (1) or not (0). The
initial analysis of the dataset revealed that all features are completely full with no missing or corrupted values,
making it perfect for a supervised learning task. To ease the training process of the model on the dataset, the
clinical features were distinguished from the target features. The numerical features were normalized using z-score
normalization. This is a critical step in the process for enhancing the robustness of the model and ensuring that the
features with higher numerical values are not given more weightage throughout the training procedure. An 80/20
split was used to separate the dataset into training and testing sets. To ensure that the same number of samples
with and without illness were included in both sets, a stratified sampling technique was used. This made sure that
205 samples were used for testing and 820 samples were used for training.

age | sex | cp | trestbps | chol | fbs | restecg | thalach | exang | oldpeak | slope | ca | thal | target
52 |1 0 | 125 212 | 0 1 168 0 1.0 2 2 |3 0
53 |1 0 | 140 203 |1 0 155 1 31 0 0 |3 0
70 |1 0 | 145 174 | 0 1 125 1 2.6 0 0 |3 0
61 |1 0 | 148 203 | O 1 161 0 0.0 2 113 0
62 |0 |0 |138 204 |1 |1 106 0 1.9 1 3 |2 0

2.3 Convolutional Neural Network-Based ECG Feature Extraction

For the purpose of extracting relevant and distinctive features from the ECG signal segments, a customized one-
dimensional Convolutional Neural Network (CNN) architecture was developed and trained on the preprocessed
ECG dataset. The CNN architecture features three convolutional modules, each module having a max-pooling
layer, a Conv1D layer, and a batch normalization layer come next. These layers allow the CNN to learn hierarchical
temporal and morphological features of the ECG signal, such as the QRS complex morphology and beat rate, as
well as arrhythmia-related patterns. Following the convolutional layers, a Global Average Pooling layer was
introduced to reduce the learned feature maps into a compact representation. This is followed by a fully connected
dense layer with 128 neurons, which is specifically defined as the ECG embedding layer. This layer is the central
feature extractor, learning deep physiological patterns of cardiac function. The CNN was trained as a supervised
classifier to distinguish between normal and abnormal ECG segments. After the training process was finished, the
network was converted to a feature extractor by extracting the embedding layer. Another feature extraction model
was built to extract only the 128-dimensional embedding vector for each ECG segment. This produced a
discriminative and compact feature representation that could be easily combined with clinical information in the
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proposed hybrid framework. The CNN model had excellent learning ability, achieving 96.8% training accuracy
and 96.4% validation accuracy by the end of the epoch. with steadily decreasing loss values, which indicated
excellent feature learning and generalization to unseen ECG segments.

2.4 Hybrid Model Architecture

The proposed hybrid framework combines the two different information sources: deep ECG signal embeddings
and clinical features, to achieve a more comprehensive and accurate risk assessment of heart disease. Unlike the
traditional single-modality diagnostic system, the hybrid framework combines the advantages of both
physiological waveform analysis and clinical analysis. The multi-channel approach of the hybrid model allows it
to capture the subtle electrical patterns of the ECG signal, as well as the demographic, symptomatic, and
laboratory-based indicators of cardiovascular disease progression, as shown in figure2.
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Figure (2): Workflow of The Proposed Method

For this integration to be achieved, the model uses a dual-branch neural network architecture, which has one
branch for learning high-level features from ECG embeddings obtained from the CNN and another branch for
processing numerical clinical variables. The two branches are then combined to create a single feature
representation, which enables the model to learn cross-modal associations.

F= [EECG”Eclinical] (1)

Where Egc; € R™ {128} represents the ECG embedding vector, and E_ ;i € R™ {13} represents the clinical
feature vector. The operator (||) denotes feature concatenation.

After the completion of all the preprocessing steps for both ECG and clinical data, the two sources were aligned

and combined to create a hybrid diagnostic system. The first 1,025 ECG embedding vectors, each of which
represented 128 deep features extracted from the CNN encoder. The next step involved stratified sampling to
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divide each of the two data sets into training (80 percent) and testing (20 percent) groups. The reason behind this
was that an alignment process based on indexing could be employed in each subgroup since there was no matching
at patient level between the two data sets. This ensured that each patient sample was accompanied by its clinical
data as well as its ECG-derived deep feature.

Later, the entire data was split into 820 training samples and 205 testing samples with a balanced ratio of
normal and diseased samples. Additionally, all clinical variables were normalized with the Standard Scalar to have
the same numerical scale during modeling. The hybrid model was designed as a two-input neural network. The
ECG network processed the 128-dimensional embedding features with a sequence of dense layers (256, 128, and
64 units), each of which is followed by a dropout rate of 0.3 and Batch Normalization in order to enhance
generalization and avoid over-fitting. At the same time, the clinical network took 13 structured clinical variables
and transformed them with a lightweight multilayer perceptron consisting of Dense layers (64 and 32 units) with
Batch Normalization and a dropout rate of 0.2. The two branches' outputs were then combined using a
concatenation layer, creating a new 96-dimensional representation.

This combined vector was then further transformed using two more dense layers with 128 and 64 units to
allow the model to learn the cross-modal associations between the ECG patterns and the clinical risk factors.
Finally, a sigmoid output neuron was employed to predict the probability of heart disease for each patient sample.

¥y =0(WF +b) (2

Where W and b represent the learnable weights and bias parameters, and o(.) denotes the sigmoid activation
function.

The Adam optimizer was used to train the combined model from beginning to end, loss function for binary
cross-entropy, and evaluation criteria of accuracy and AUC.

L= _%Z?Ll [yilog(¥;) + (1 — y)log(1 — ¥;)] (3)

With a batch size of 32, the model was trained across 100 epochs to enable to learn the combined
representations from both the clinical and ECG datasets as shown in table 2.

Table (2): Training Hyper Parameters

Hyper parameter Value
Optimizer Adam
Learning Rate 0.0005
Loss Function Binary Crossentropy
Metrics Accuracy, AUC
Epochs 100
Batch Size 32
Validation Split 20% (stratified)
Regularization Dropout (0.2-0.3), BatchNorm
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3. Results

The entire process was developed in a Python setting within Google Colab. The required libraries for ECG
processing, most importantly WFDB, were installed using common pip commands (for example, pip install wfdb)
to facilitate the loading, filtering, annotating, and segmentation of the ECG signals used in this study. After the
successful installation, the ECG and clinical datasets were preprocessed and combined into the hybrid
classification system. The ECG signals were filtered, segmented, normalized, and converted to 128-dimensional
deep feature embeddings, which were further aligned with 13 structured clinical attributes derived from the heart
disease dataset. The suggested hybrid neural network was trained using the feature space, allowing for a
comprehensive assessment of the model's functionality based on a number of diagnostic standards.

The results clearly demonstrate the hybrid model's efficacy, as the model performed very well in terms of
accuracy, sensitivity, specificity, and AUC, outperforming the ECG-only and clinical-only models. The following
subsections will elaborate on the outcome, providing an understanding of the performance of the model through
ROC curves, precision-recall plots, confusion matrices, and calibration plots. The outcome clearly indicates the
suggested hybrid model's efficacy in terms of its performance. After 100 epochs of training, the model was able
to achieve a really remarkable 97.73% training accuracy and 97.56% validation accuracy. The validation AUC
value of 0.9962 indicates that the model has almost perfect discriminatory power between healthy and diseased
samples. Moreover, the clinical efficacy of the model was found to be highly reliable, as it attained a Sensitivity
of 0.9904, which indicates Since practically all of the individuals with heart disease could be accurately identified
by the model, and a Specificity of 0.96, which indicates a high level of accuracy in identifying healthy patients.
The well-balanced performance on both Sensitivity and Specificity metrics confirms that the hybrid integration of
ECG embeddings and clinical features has a significant effect on improving the accuracy of the predictions by
reducing both false negatives and false positives. To further assess the hybrid model's discriminatory capacity,
Figure 3 shows the use of a Receiver Operating Characteristic (ROC) curve.

ROC Curve — Hybrid Model
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Figure (3): ROC Curve

The hybrid framework has good precision—recall performance, particularly under imbalanced classification
settings, as shown in Figure 4.
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Precision-Recall Curve - Hybrid Model
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Figure (4): Precision—Recall Curve
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Figure (5): Matrix of Confusion

The confusion matrix is used to analyze the model's classification accuracy which is able to distinguish between
those who are in good health and those who are not, as Figure 5.
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Table (3): Classification Report of the Hybrid Model

Class Precision Recall F1-Score Support
Normal (0) 0.99 0.96 0.97 100
Disease (1) 0.96 0.99 0.98 105
Accuracy — — 0.98 205
Macro Avg 0.98 0.98 0.98 205
Weighted Avg 0.98 0.98 0.98 205

The strength of the proposed hybrid framework is demonstrated by the thorough classification report in Table 3,
and precision for both classes. Furthermore, to evaluate the calibration of the
predicted probabilities provided by the model, a calibration curve is also plotted. As evident in Figure 6, the hybrid
model has an outstanding probability calibration, as its calibration curve is almost identical to the diagonal line
This reveals that the hybrid model not only has high accuracy in classification
but also provides accurate risk probabilities, which means that the predicted probabilities provided by the hybrid

which includes the F1-score, recall,

representing the perfect calibration.

model are accurate estimates of the true risk of heart disease.

Calibration Curve - Hybrid Model
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4. Model Explain-ability

Following the computation of SHAP values for both inputs of the hybrid model, individual summary plots were
created to demonstrate the impact of each feature on the model's ultimate forecast. Figure 7(a) illustrates the SHAP
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Figure (6): Calibration Curve
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summary plot for the 13 structured clinical attributes (features), including but not limited to age, blood pressure,
cholesterol, and ST depression, to demonstrate their global effect on heart disease classification. The features with
the highest contributions include thalach, oldpeak, cp, and chol. Similarly, Figure 7(b) shows the SHAP summary
plot for the 128-dimensional ECG embedding features extracted by the CNN. Each “ECG_feat i” corresponds to
a deep-learned pattern from the ECG signal. The SHAP distribution emphasizes the most important ECG-derived
features, indicating the role of morphological and temporal ECG features (represented by deep embeddings) in
distinguishing between normal and diseased heart conditions. Figures 7(a) and (b) illustrate how the hybrid model
integrates the clinical variables with the deep ECG features, giving a clear insight into what is driving the decision-
making process, which is a crucial step in gaining the trust of the clinical community.

ECG feat O
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age . — ECG feat O
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Figure (7): Feature Importance Analysis (a) Clinical Features (b) ECG Embedding Features

5. Conclusion

In this study, we have presented a novel hybrid framework to predict heart disease at an early stage utilizing deep
ECG signal embedding and structured clinical features. Specifically, our suggested method uses CNN to extract
deep temporal features from ECG data and MLP to process clinical factors. The results of experiments show the
benefits of the hybrid framework, which outperforms the models working on one modality with accuracy equal to
97.56%, AUC equal to 0.996, sensitivity of 99.0% and specificity of 96.0%. It is possible to suggest that our
approach can effectively use combined information about physiology and clinical parameters to predict heart
disease. At the same time, we applied the technique of explainable Al based on SHAP analysis that helped to
evaluate the contributions of both clinical factors and embeddings from ECG data. Specifically, we found out that
important clinical features are ca, thal, and oldpeak. Nevertheless, it should be mentioned that the ECG data and
the clinical data employed in the current research have no patient matching and independent external validation
has not been carried out. For these reasons, further work will include model evaluation on real-world patient-
matched datasets and investigating the use of other biosignals. In conclusion, the presented research has
demonstrated the possible benefits of using the hybrid framework for supporting CVD analysis.
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6. Future Work

On the basis of the strong performance of the proposed hybrid ECG-clinical framework, there are some promising
directions that can be explored to further improve and extend the clinical application of the framework. Firstly,
the future work can focus on the use of multi-lead ECG signals, echocardiography parameters, or wearable sensor
signals to develop a more comprehensive and physiologically detailed diagnostic framework. Secondly, the
collection and integration of real-world data from Iragi hospitals will contribute to increasing the framework's
accuracy for a given population. Furthermore, the exploration of employing more intricate deep learning models
such as Transformers, CNN-LSTM hybrids, or attention-based fusion models, may have the potential to further
improve the model's capacity to depict intricate relationships. The model's incorporation into an actual clinical
decision support system or a mobile health application may also have the potential to further apply the research to
real-world applications for early screening and remote patient monitoring. Finally, improving the explain ability
capabilities of the model using advanced XAl methods would improve clinician trust.
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