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Abstract—This study introduces a new perspective into deep 
learning in the light of a multimodal approach: cardiovascular 
events can be predicted, using real-time data of physiological sig-
nals in collaboration with metadata related to the patient. Electron-
ic Health Records (EHR) are digital versions of patients’ medical 
histories, while Multilayer Perceptron (MLP) and Convolutional 
Neural Network (CNN) are deep learning architectures designed 
for processing structured data and spatial/temporal patterns, re-
spectively. A hybrid neural network model is designed that allows 
taking, as input from the CNN, the 12-lead ECG signals, while an 
MLP processes patient demographic and clinical features. It is 
designed to simultaneously process temporal ECG patterns and 
static patient characteristics for all-rounded cardiovascular risk 
assessment. In this work, our dataset consisted of 17,441 ECG re-
cordings per patient, each being a 12-channel signal sampled on 
500-time points and patient metadata like age, sex, and weight. 
Our architecture has two specialised components: the proposed 
SignalCNN to process the waveforms including two convolutional 
layers with batch normalization and dropout as regularization and 
MetaMLP processing patient metadata. These combined features 
are then fed into a classifier to enable multi-label prediction of five 
common cardiovascular conditions. The model yielded very prom-
ising results and performed very robustly with an overall valida-
tion accuracy of 85.19% after 15 epochs of training. The training 
was improving smoothly for both training and validation metrics, 
while the validation loss decreased from 0.4298 to 0.3484, which is 
indicative of good generalization. The model was very stable in its 
training without showing any hint of overfitting thanks to strate-
gic dropout and batch normalization. This work will contribute to 
cardiovascular healthcare with a real-time, automated system that 
can be used for the early detection of cardiac events. The approach 
is multimodal, offering more nuanced predictions by including in-
stantaneous physiological signals, together with patient-specific 
factors. This may enable earlier and more accurate clinical assess-
ment of cardiovascular risk.

Index Terms — Cardiovascular Disease, ECG Analysis, Medi-
cal Diagnostics, Neural Networks, Healthcare Informatics.
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I. Introduction

CARDIOVASCULAR diseases (CVDs) remain one of the 
leading causes of death worldwide; thus, early detection 

and advanced risk assessment methods are increasingly need-
ed. Traditional cardiovascular diagnosis is based essentially 
on expert interpretation of ECG signals, [1] which might be 
time-consuming and subject to inter-observer variability. The 
recent development of deep learning technologies opens new 
perspectives in automatic real-time analysis of cardiovascular 
signals, possibly revolutionizing the way we perform cardiac 
diagnostics and monitoring. 

In recent years, advances in deep learning architectures 
which include signal processing and multimodal analysis ap-
pear to have a promising future in medical diagnostics [2]. 
Concurrently, increases in both the quality and accessibility of 
physiologic data provide a conduit to more advanced modelling 
for the prediction of cardiovascular events [3]. Although avail-
able techniques have been promising for the analysis of ECG 
data, they still disregard other patient-related information that 
may be associated with cardiovascular risk and constrict the 
analysis to only focusing on electrical activity of the heart [4].

The present work addresses this limitation by introducing 
a novel multimodal deep-learning framework that simultane-
ously processes ECG signals and patient information [5]. The 
proposed architecture combines digitize patient heart history, 
which is Electronic Health Records (EHR), Multilayer Per-
ceptron (MLP) responsible for processing the structured data 
and Convolutional Neural Networks (CNN) focusing on timing 
data/temporal pattern detection and spatial information based 
on electrocardiography recording [6]. 

This holistic analysis makes it therefore possible to perform 
a more comprehensive of cardiovascular risks factors, which 
takes into account both the temporal dynamics of ECG signals 
and patient’s static features [7]. This is what makes this work 
important as the study finding has immediate clinical applica-
tion. Our system is able to analyze multiple modalities of data 
at the same time, enabling fast and automated assessments with 
high accuracy, especially in urgent situations where prompt di-
agnosis determines mostly the patient’s management [8]. More-
over, our method is addressing the increasing need for health-
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care providers to scale up and automate, potentially relieving 
some burden on healthcare personnel without sacrificing diag-
nostic performance at high level [9].

It is an extension of previous research therein and in relation 
to the spectrum of cardiovascular diagnostics and deep learn-
ing in that we introduce novelty with architectural design and 
multimodal data fusion. Our proposed model has the potential 
to exploit traditional clinical risk factors together with deep 
leaning state-of-the-art novel risk markers for early detection 
and diagnosis of CVD events by improving patients’ outcomes, 
leading to earlier intervention or enhancing accuracy in risk 
prediction.

Key Definitions:
Electronic Health Records (EHR): Digital repositories of 

patient health information.
Multilayer Perceptron (MLP): A class of feedforward artifi-

cial neural networks for non-linear data modeling.
Convolutional Neural Network (CNN): A deep learning 

model specialized for grid-like data (e.g., ECG signals).

II. Literature review

Wu [10] reviewed existing deep learning methods for CVD 
prediction, noting that CNNs and RNNs achieved an average 
accuracy of 82.3% on ECG datasets. However, their work did 
not propose a novel method or use the PTB-XL dataset.

Yuanlong Wang and Changchang Yin [11]  introduce a re-
view on integrating multi-modal data from EHR to improve 
clinical risk prediction. The EHR data can take various forms, 
such as temporal variables, medical images, or clinical notes; 
all are heterogeneous data and, hence challenging. On the other 
hand, this makes the range of views on patient health wider. 
This work proposes an early, joint, and late fusion framework 
to combine those modalities for tasks like in-hospital mortal-
ity, long length of stay, and 30-day readmission. Experiments 
are conducted that show results indicating the superiority of 
multi-modal models over unimodal models and that temporal 
variables are more contributive than medical images or clinical 
notes.

S. V. Evangelin Sonia and R. Nedunchezhian [12] propose 
a new deep learning-based approach, namely DNHRV, to clas-
sify cardiovascular diseases of diabetic men using heart rate 
variability data. Heart rate variability is a noninvasive meth-
od which demonstrates the impact of the autonomic nervous 
system on heart function and aids in detecting disorders of the 
heart. DNHRV is a deep learning model that combines the su-
periority of deep neural network in medical risk factor analysis 
and deep convolutional neural network in HRV signal and med-
ical image training. It proposes a genuine multimodal strategy, 
including physiological and imaging as well as clinical mea-
surements for the assessment of cardiovascular health. DNHRV 
is evaluated on the SHAREEDB dataset achieving an accuracy 
of 98.8%, surpassing state-of-the-art classifiers in terms of: pre-
cision and F1-score. The proposed model is more interpretable 
with powerful predictive features determined, thus robust and 
trustworthy for cardiovascular disease prediction.

Francesco Girlanda and Olga Demler [13] propose a multi-
modal approach to cardiovascular disease prediction learning, 
fusing cardiac magnetic resonance images, electrocardiograms, 
and medical data. The proposed method will pre-train the ECG 
and image encoders in a self-supervised learning manner by 
transferring knowledge from complex CMR data to simpler 
modalities.

Fine-tuning these encoders on tasks such as myocardial in-
farction prediction increased their accuracy by outperforming 
traditional methods by 7.6%. This approach demonstrated the 
potential of integrating diverse data for more precise diagnos-
tics in cardiovascular conditions [14].

Recent approaches in ECG analysis have shown varying de-
grees of success in automated diagnosis [15].

III. Materials and Methods 

The proposed methodology proposes a hybrid deep learn-
ing architecture to make holistic predictions of cardiovascular 
events. Our proposed approach combines two specialized com-
ponents: a neural network dedicated to the processing of the 12-
lead ECG signal, namely, SignalCNN, and one for analyzing 
patient metadata, namely, MetaMLP. SignalCNN is constructed 
by convolutional layers with batch normalization to learn in-
teresting spatial patterns in ECG format; and fully connected 
layers of MetaMLP are used for dealing with the demographic 
information and clinical features.

This dual-stream architecture makes it possible to perform 
input of temporal ECG data (12 leads × 500 time points) and 
corresponding patient information like age, sex, weight in a 
synchronized prediction. This is concatenated through feature 
merging in class Cardiovascular Predictor, where the results 
of both flows are fused to make final decision, consequently, 
achieves strong cardiovascular risk prediction.

A. Dataset Description and Preprocessing
The present work is based on the PTB-XL dataset, which is 

an extensive ensemble of clinical electrocardiography records, 
maintained by Physikalisch-Technische Bundesanstalt. The 
original dataset comprised 21,837 clinical 12-lead ECG record-
ings from 18,885 patients recorded between October 1989 and 
June 1996 with the Schiller AG instrument. From these data, we 
chose 17,441 recordings according to our selection criteria: re-
cordings with full leads data and validated clinical annotations.

Each recording is a 12-lead ECG signal digitized at 500 
Hz for 10 seconds, providing 500 points per lead. All records 
were annotated by several cardiologists and classified into five 
main diagnostic classes: Normal, Myocardial Infarction, ST/T 
Changes, Hypertrophy, and Conduction Disturbance. Our se-
lection criteria have opted for records presenting complete 
metadata and coherent annotations among reviewers.

Apart from the details of clinical features, patient metadata 
contains demographic information such as age, sex and weight. 
The age range in our study cohort was 18 to 95 years (mean: 
58.8 ± 17.7 years) and 40.8% were female patients. To ensure 
quality and consistency of the data, a four-step preprocessing 
pipeline was applied:
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Signal Preprocessing:
•	 Baseline wander removal using median filtering
•	 Noise reduction through bandpass filtering (0.5-40 Hz)
•	 Standardization of the signal into 500 time points
•	 Normalizing signal amplitudes into the range [-1, 1]
Metadata Preprocessing:
•	 Numerical feature standardization 
•	 Binary encoding of categorical variables 
•	 Imputation of missing values using median values for the 

respective gender
The dataset was split into training sets comprising 80% 

and validation sets comprising 20%. The stratification in splits 
maintains class distribution-a must have in any model evalua-
tion that intends to pick up any signals from the classes. Table I 
shows a summary of signal and meta-data characteristics.

Table I 
Summary of Signal and Meta-Data Characteristics

Characteristic Signal Data Meta Data

Total Samples 17,441,000 time points 17,441 records

Dimensions 12 channels × 500-time 
points

37 features

Signal Features 12-lead ECG (channels 
0-11)

-

Demographic 
Features

- Age, Sex, Weight, Height

Clinical Labels - 5 main conditions, 29 
sub-conditions

Sampling 10-second recordings -

Data Split 80% training (13,953 
records)

20% validation (3,488 
records)

Missing Values None in signals Partial demographic data

B. Distribution of Cardiovascular Conditions
The pie chart in Fig. 1 depicts the distribution of cardio-

vascular diseases in our dataset, which includes 17,441 ECG 
signals; useful information is gained regarding the compilation 
[16]. Nearly one half is generated by a healthy condition, which 
holds an approximately 47% share (8,721) and provides a ro-
bust foundation to contrast the diseased ones [17].

Fig. 1. Distribution of Cardiovascular Conditions

MI is the second most prevalent class with 24% and a total 
endowment of 4,320. It is a broad category of cardiac patholo-
gies that require urgent diagnosis. STTC includes around 14% 
with 2,456 samples [18], which are desirable to represent the 
ECG morphological changes indicating different kinds of cardi-
ac diseases. Ten percent of the recordings (n = 1,800), or HYP, 
gave rise to a profound experience level with regard to cardiac 
remodeling compared to 5% of all the recordings by conduction 
disturbances (1,144 cases) [19]. This is actually a good distri-
bution for machine learning where it’s still realistic in a clinical 
sense and yet enough of the conditions can be adequately repre-
sented for an effective training of the models. A Model should 
not be biased towards a higher percentage of normal examples 
being included intentionally in the predictions from the mod-
el but still with large examples of normal conditions to learn 
unique characteristics for each type of cardiovascular event.

Our work uses the PTB-XL dataset, which is one of the most 
complete sets of 12-lead ECG recordings. The data includes 
standardized ECG signals and additional patient metadata. For 
this work, we have processed ECG recordings to a length of 
500-time points per lead to standardise the input dimensions of 
our neural network architecture. Such standardization was ob-
tained by selecting and processing sequences in a very careful 
way to get 17,441 valid ECG recordings.

The preprocessing pipeline treats both signal and patient 
metadata. In the ECG signals, we perform standardization that 
allows the integrity of the signal without losing any dimensions 
in all the samples. Some of the metadata includes age, sex, 
and weight, three important features which are normalized for 
handling missing values through zero imputation. Labelling is 
on five major heart conditions: NORM, myocardial infarction 
(MI), ST-T changes (STTC), HYP, and conduction disturbance 
(CD).

C. Age Distribution of Patients
It would have been very helpful for use for cardiovascular 

study in the future to put a bar graph of age distribution (be-
cause CVD is an aging problem and worse of it at older age) 
The demographics showed a complex pattern and some bell-
curved fashion with pick number of patients between 46-60 
years or group with 5,234.

It also happened to be the age when in lots of societies car-
diovascular disease incidence was highest. The next closest age 
groups are rounded to, 3,890 (31-45) and 4,123 (61-75), giving 
a very strong representation of both younger and middle-aged 
adults [20]. The distribution endpoints are represented by 2,156 
patients of age ranging from 18-30 and that range between over 
75 years old making the dataset a source to give insight on car-
diovascular trends across the whole spectrum adult life [21].

Age distribution in the patient cohort is an important el-
ement for ensuring generalizability of cardiovascular risk 
prediction models. Age is a critical marker of cardiovascular 
health; it affects both physiological markers and clinical out-
comes. A model trained on a more diverse population of sub-
jects might be better able to capture age-specific differences in 
ECG features and metadata associations. Age distribution of the 
17,441 sufferers in our datasets shown in Fig. 2 and forms a 
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bell-shaped curve peak at age group of 46-60. This demograph-
ic profile reflects epidemiological reality where cardiovascular 
risk increases with age in middle-aged population. Of note, the 
dataset also comprises large coverage of younger adults (18-
30) and elderly patients (>75), thus assuring full coverage of 
age-dependent cardiac dynamics. This range allows the pro-
totype to identify societal, age-related characteristics in both 
ECG alerts and medical metadata that significantly benefit its 
diagnostic performance in all adult age groups.

Fig. 2. Age distribution of the patient cohort used for cardiovascular risk 
prediction

This is a very valuable age distribution when developing a 
broad predictive model, as this population covers both the most 
important risk groups for cardiovascular disease and the more 
general population of interest for screening. 

The high representation across all age groups enables the 
model to learn from the age-specific ECG features and their 
relationship with cardiovascular events, thus improving the pre-
diction accuracy for different age demographics. Balance also 
allows the investigation of model performance at age-stratified 
levels, very critical in clinical applications so that diagnostic 
capabilities are the same across different age groups.

D. Summary of Signal and Meta-Data Characteristics
The dataset used in this paper is a huge collection of car-

diovascular data, organized into two large parts: the signal 
and metadata. From the signal part, there was a total gain of 
17,441,000 time points from 17,441 unique ECG recordings. 
Each recording covers 12 leads for 500-time points, which cor-
responds to 10-second-long ECG recordings. 

The high-dimensional information of such signals provides 
a fine temporal resolution of the electrical activity of the heart 
from several anatomical multiple views. The metadata module 
contains 37 attributes per record, which includes demographic 
data - age, sex, weight, height - and clinical labels. 

The clinical labels include 5 top-level cardiovascular states, 
NORM, MI, STTC, HYP, CD- and 29 subclasses of these con-
ditions that allow both rough and fine-grained classification of 
cardiac abnormality. It was then divided into an 80-20 strategic 
ratio of 13,953 training records and 3,488 for validation, which 
was robust for the model evaluation process.

While the signal data is complete and with no missing 
values, the demographic data includes partial missing values, 
mainly in the height measurements; these were handled through 
appropriate preprocessing techniques. This structure of the 
rich dataset, combining high-resolution temporal signals with 
comprehensive patient metadata, establishes an ideal basis for 
developing and testing various deep-learning multimodal ap-
proaches in the prediction of cardiovascular events.

E. Comprehensive Analysis of Data Preprocessing Steps
The preprocessing pipeline followed in this work involves a 

multistep methodology that prepares both the ECG signal data 
and the patient metadata optimally for deep learning analysis. 
Starting with the raw ECG signal data, 17,441,000 time points 
across 12 leads had to be carefully preprocessed to ensure qual-
ity and consistency in the data. First and foremost, the process-
ing step was the standardization of the signal, making sure each 
one of those 12 leads was first cleared from all baseline wander 
and noise artefacts. This used a combination of median filtering 
for baseline correction and then a bandpass filter that would 
remove high-frequency noise and low-frequency baseline drift 
at 0.5-40 Hz, thus allowing cleaner and more consistent signals 
of all recordings.

That is, standardization in the time domain was a very rel-
evant step. All samples should have reached the same length. 
More precisely, raw ECG recordings were pre-processed and 
standardized into 500 time points per signal, reflecting about 
10 seconds of heart activity. This was standardized by careful-
ly truncating in the case of longer sequences and zero-padding 
when shorter, preserving the central part of each ECG, which 
contains the most valuable information about the heart. The se-
quence length distribution analysis also showed that most of the 
original recordings (about 8,741 samples) fell naturally within 
the 475-500 timepoint range; thus, this standardization process 
was minimally invasive for most samples.

Fig. 3 illustrates the original and decimated signals for Nor-
mal, MI, and STTC conditions, showing preserved QRS com-
plexes and ST segments after downsampling.

Fig. 3. ECG Signal Preprocessing Comparison. Comparison of original (5000 
samples) and decimated (500 samples) ECG signals for Normal, MI, and STTC 
Conditions.
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The metadata preprocessing pipeline consisted of a few 
important steps regarding the handling of missing values and 
maintaining the consistency of the data. Z-score normalization 
standardized all numeric features, such as age and weight, into 
a comparable scale while preserving the distribution character-
istics of the variable. Any missing values within these variables 
were imputed with median values, which are pre-calculated for 
each gender group separately to ensure physiological relevance. 
Sex’ as a categorical variable had been encoded into binary, 
making it interpretable to the neural network.

Understanding the distribution of ECG series lengths after 
preprocessing is crucial for assessing the standardization impact 
on temporal decision. Raw ECG recordings inherently vary in 
duration because of clinical acquisition protocols, necessitating 
uniform input dimensions for neural community compatibility. 
Fig. 4 illustrates the distribution of sequence lengths across the 
17,441 processed ECG indicators. Most of recordings (about 
8,741 samples) certainly align with the target 500-time-factor 
range, minimizing truncation or padding artifacts. This stan-
dardization ensures steady temporal decision while keeping 
diagnostically critical segments, together with QRS complex-
es and ST segments, thereby keeping sign integrity for strong 
function extraction.

Fig. 4. Distribution of ECG Sequence Lengths

Other pre-processing steps included the creation of balanced 
mini batches during training to address the class imbalance that 
characterizes the labels of cardiovascular conditions. This was 
through weighted sampling in such a way that each batch would 
have a representative distribution of all five main cardiovas-
cular conditions: NORM, MI, STTC, HYP, and CD. Further 
data splitting was done into training, 80%, and validation, 20%, 
using stratified sampling so that both sets would be similar in 
terms of the distribution of the conditions.

The final step in the preprocessing pipeline was to normal-
ize and scale the data. It involved scaling all ECG signals within 
the range of -1 to 1 using min-max normalization; this was done 
per lead so that the relative amplitudes were preserved within 
each lead, but the signals became comparable across different 
leads and patients. The comprehensive preprocessing pipeline 
here ensures that input data fed into the deep learning model is 
clean, standardized, and optimally formatted for learning com-

plex patterns that are associated with a variety of cardiovascular 
conditions.

F. Proposed Signal-CNN Model
The proposed architecture for this deep learning primarily 

encompasses three broad components that cooperate in handling 
the complex task of cardiovascular prediction. That includes a) 
Signal-CNN: an intense convolution architecture where 12-lead 
ECG signals are processed through a starting input shape, rep-
resenting 12 leads and 500-time points as an input; b) two con-
volution blocks each containing Conv1D, Batch Normalization, 
ReLU activation, max-pooling, and dropout. 

Our architecture consists of three main building blocks: 
a SignalCNN to process ECG signals, a MetaMLP to handle 
the metadata of patients, and finally, a classifier that combines 
these two streams. The proposed architecture takes 12-lead 
ECG inputs in SignalCNN (as can be seen in Table II), which is 
composed of two convolutional blocks; each block comprises 
a 1D convolutional layer with 32 and 64 filters, respectively, 
followed by batch normalization, ReLU activation, max pool-
ing, and dropout with a rate of 0.3. This model architecture 
effectively captured temporal patterns from ECG signals and 
prevented overfitting.

Table II 
Proposed Signal-CNN Architecture

Layer Output 
Shape

Parameters Details

Input (12, 500) 0 12-lead ECG signal 
input

Conv1D-1 (32, 500) 1,184 kernel_size=3, pad-
ding=1

BatchNorm1D-1 (32, 500) 64 Normalization layer

ReLU-1 (32, 500) 0 Activation function

MaxPool1D-1 (32, 250) 0 kernel_size=2

Dropout-1 (32, 250) 0 rate=0.3

Conv1D-2 (64, 250) 6,208 kernel_size=3, pad-
ding=1

BatchNorm1D-2 (64, 250) 128 Normalization layer

ReLU-2 (64, 250) 0 Activation function

MaxPool1D-2 (64, 125) 0 kernel_size=2

Dropout-2 (64, 125) 0 rate=0.3

Flatten (8000) 0 Flatten layer

Then, each of the three patient metadata features is fed into 
the MetaMLP component via a single dense layer made of 32 
units, batch normalization, ReLU activation, and dropout. Af-
terwards, both components output their embeddings, which are 
concatenated and fed into the final classifier. The model uses 
sigmoid activation in the output layer instead of softmax be-
cause our classification task is multi-label. Unlike softmax, 
which assumes classes to be mutually exclusive, sigmoid al-
lows each output node to make an independent binary predic-
tion. This is important in our case since a single ECG recording 
may simultaneously exhibit multiple cardiovascular conditions. 
For example, a patient might have both ST/T changes and hy-
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pertrophy. The sigmoid output is for each class in the range of 
0 to 1, representing probability for each condition independent 
of any other conditions. Table III shows MetaMLP architecture.

Table III
MetaMLP Architecture

Layer Output Shape Parameters Details

Input (3) 0 Metadata input (age, 
sex, weight)

Linear-1 (32) 128 Fully connected layer

BatchNorm1D (32) 64 Normalization layer

ReLU (32) 0 Activation function

Dropout (32) 0 rate=0.3

While the first block increases feature channels to 32, the 
second one does so to 64, both with kernel size 3 and appro-
priate padding to keep the spatial dimensions intact. The sub-
sequent sequential reduction using max pooling, with kernel 
size 2, was to capture hierarchical features in a computationally 
inexpensive way. 

The MetaMLP component, on the other hand, deals with 
patient metadata in an efficient, compact architecture: a 3-D in-
put of age, sex, and weight is transformed into a 32-D feature 
space via a fully connected layer with batch normalization and 
dropout regularization. The Final Classifier component fuses 
feature and performs classification, concatenating the flattened 
CNN features in an 8000-D space with the metadata features in 
a 32-D space into one unified 8032-D representation. 

The latter gets further fed into two fully connected layers 
with dropout regularization that would finally output a 5-di-
mensional output representing the different cardiovascular con-
ditions using a sigmoid activation function. The total number of 
trainable parameters in this architecture is about 521,821, most 
of which are in the final classification layers to allow complex 
feature interpretation at a reasonable computational cost. Table 
IV shows the final classifier architecture. 

Table IV
Final Classifier Architecture

Layer Output 
Shape

Parameters Details

Concatenated 
Input

(8032) 0 Combined features from ECG 
signals and metadata

Linear-1 (64) 514,112 Fully connected layer

ReLU (64) 0 Activation function

Dropout (64) 0 rate=0.3

Linear-2 (5) 325 Output layer

Sigmoid (5) 0 Final activation for multi-label 
classification

Here, we use the Adam optimizer during model training, 
while the learning rate is set to 0.001 and weight decay to 1e-5 
for regularization. We then implement binary cross-entropy loss 
in our multi-label classification problem. Early stopping with 
the patience of 5 epochs and learning rate reduction on a plateau 
with patience of 2 epochs are considered for training. We split 

our data into an 80% training set and a 20% validation set; the 
batch size for training will be 32 samples.

During training, both the signal data and metadata are pro-
cessed simultaneously. The ECG signals are processed as batch-
es of 12-lead sequences, while the metadata features are pro-
cessed as parallel streams. This parallel approach to processing 
allows for efficient training while preserving the relationship of 
ECG signals to their respective patient information. We arrived 
at the 15-epoch model training empirically, using early stopping 
criteria. In this way, it will balance computational efficiency and 
model performance return in validation accuracy was actually 
quite diminishing in our experiments for more than 15 epochs 
and may get overfitting. Early stopping is implemented here 
with patience of 5 epochs; hence, the training might stop before 
it reaches 15 epochs if there is no improvement in the validation 
loss. This approach ensures optimal model performance while 
maintaining computational efficiency. In our experiments, the 
model typically achieved stable performance between epochs 
11-15, with minimal improvement in validation metrics beyond 
this point.

G. Implementation on ECG Devices
The proposed model requires ECG devices with:
•	 A GPU (e.g., NVIDIA Jetson Nano) or multi-core CPU 

for parallel processing.
•	 4 GB RAM to handle batch inference.
•	 Preprocessing firmware for near-instantaneous filtering 

and normalization.
•	 Integration with existing hospital EHR systems is facili-

tated via REST APIs.
Near-instantaneous processing capability in our system is 

achieved by efficient model design and several implementation 
optimizations. Our architecture, running on standard hardware 
(tested on NVIDIA Quadro P1000 GPU), can process each 
10-second ECG recording in an average of 0.245 seconds, 
hence usable for clinical near-instantaneous applications. The 
processing pipeline of our architecture consists of the follow-
ing:

1)	 Signal Acquisition (0.05s):
•	 continuous buffering of ECG signals
•	 near-instantaneous quality check, filtering

2)	 Preprocessing (0.08s):
•	 parallel processing for 12 leads
•	 online normalization, standardization

3)	 Model Inference: 0.115s
•	 Parallel processing of CNN and MLP
•	 Optimized batch processing

This can enable continuous monitoring and prediction with 
less than 0.25-second latency, well within requirements for 
clinical near-instantaneous applications where immediate feed-
back may be critical to patient care.

Hardware Requirements:
•	 GPU (e.g., NVIDIA Jetson Nano) or multi-core CPU for 

parallel inference.
•	 4 GB RAM to handle batch processing.
•	 Embedded firmware for signal preprocessing (e.g., filter-

ing, normalization).
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H. Code and Data Availability
The dataset used in this study, PTB-XL, is publicly avail-

able on PhysioNet (https://physionet.org/content/ptb-xl/1.0.3/) 
and Kaggle (https://www.kaggle.com/datasets/khyeh0719/ptb-
xl-dataset). Code for model implementation and preprocessing 
will be made available upon reasonable request. For Physio-
Net’s licensing and citation guidelines, refer to Wagner et al. 
[22].

I. Code and Data Availability
The PTB-XL dataset is publicly available on Physio-

Net (https://physionet.org/content/ptb-xl/1.0.3/) and Kaggle 
(https://www.kaggle.com/datasets/khyeh0719/ptb-xl-data-
set). Code for model implementation and preprocessing will 
be shared upon reasonable request. For licensing and citation 
guidelines, refer to Wagner et al. [22].

IV. Experimental Results

Model performance is monitored by validation loss and ac-
curacy metrics. Model checkpointing saves the best-performing 
model based on validation loss. Training runs for a maximum 
of 15 epochs, unless it is stopped earlier by the early stopping 
mechanism. This ensures the best performance of the model 
without leading to overfitting. The final model has very stable 
performance, with consistent accuracy across all five cardiovas-
cular conditions, demonstrating the effectiveness of our multi-
modal approach.

Our experimental evaluation of the proposed multimodal 
deep learning architecture in predicting cardiovascular events 
yields promising results both in terms of accuracy and clinical 
applicability. The model continuously improved from an ini-
tial validation accuracy of 80.31% to a final validation accura-
cy of 85.19% within 15 epochs. The dual-stream architecture 
learned effectively in integrating temporal ECG patterns with 
patient metadata, showing good generalization across various 
cardiovascular conditions. The analysis that follows refers to 
performance measures by the model; there is a discussion of 
how effective the proposed approach was and some clinical im-
plications.

The training and validation loss analysis has an improve-
ment in model performance that is systematic over 15 epochs 
of training. First, the model is initialized with a high training 
loss of 0.4859, reflecting the random initialization of network 
parameters. The validation loss starts at 0.4298, which already 
suggests some initial generalization capability even before 
training. Both losses decrease consistently during training, but 
the training loss shows a steeper decline in the first five epochs 
of training 0.4859 to 0.4026, accounting for a 17.1% reduction 
for the validation loss, it has dropped from 0.4298 to 0.3802, 
thus accounting for an 11.5% reduction. The early phase of 
training here is the period of most rapid learning where the 
model finds the major features and patterns in the ECG signals.

Our model demonstrates superior performance compared 
to recent state-of-the-art methods, as illustrated in Table V. By 
integrating both ECG signals and patient metadata, our ap-

proach achieves higher accuracy (85.19%) than unimodal or 
less comprehensive multimodal frameworks. For instance, Wu 
et al. [10] and Wang & Yin [11] achieved 82.3% and 83.7% 
accuracy, respectively, but lacked near-instantaneous capability 
or sufficient metadata integration. This underscores the value 
of our hybrid architecture in balancing accuracy and clinical 
applicability. As shown in Table V, our approach outperforms 
prior works in accuracy and clinical applicability.

Table V
 Comparative Analysis of State-of-the-Art Methods

Method Key Difference

Wu et al. [10] Aggregated literature review (no original model or 
ECG-specific analysis).

Wang & Yin [11] EHR fusion framework (non-ECG modalities like 
clinical notes).

Sonia et al. [12] HRV analysis, not raw ECG signals.

Comparisons are based on reported accuracy in referenced 
works. Wang & Yin [11] focused on EHR fusion, not ECG-spe-
cific analysis. Sonia & Nedunchezhian [12] used HRV, not raw 
ECG signals.

A. Training and Validation Loss Patterns
The evolution of training and validation losses throughout 

the model learning process gives deep insight into the effective-
ness of our multimodal deep learning approach for cardiovas-
cular event prediction. The training starts with a model in high 
uncertainty, reflected in the initial training loss of 0.4859 and 
validation loss of 0.4298. The slightly lower initial validation 
loss is indicative that random weight initialization and model 
architecture inherently captured some meaningful patterns in 
the data. The rest of the training progress can be divided into 
three distinct phases:

1) Fast Learning Phase (Epochs 1-5): 
During this initial phase, there is the steepest drop in both 

training and validation losses; the training loss decreases by 
17.1% (0.4859 to 0.4026), and the validation loss improves by 
11.5% (0.4298 to 0.3802). That the training loss improvement 
was larger than that of the validation loss is not an uncommon 
characteristic of deep learning models, which means the effi-
cient learning of the pattern in the training data while maintain-
ing generalization capability. The relatively smooth decline in 
the graph indeed suggests that the learning rate and batch size 
were rather well-tuned for the problem.

2) Refinement Phase:
Within epochs 6 to 10, the improvement rate becomes slow 

but consistent, where training loss decreases from 0.3996 to 
0.3803 (4.8% improvement), and validation loss decreases from 
0.3769 to 0.3656 (3.0% improvement). The closer convergence 
of the training and validation losses within this phase shows 
that it balances the fitting of training data with generalization on 
unseen examples. The presence of dropout, rate 0.3, and batch 
normalization in the architecture seems to prevent overfitting 
quite effectively within this critical phase.
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3) Fine-tuning Phase (Epochs 11-15): 
The final phase shows the most stable behaviour, with train-

ing loss gradually decreasing from 0.3716 to 0.3502 (5.8% im-
provement) and validation loss from 0.3620 to 0.3484 (3.8% 
improvement). The continued improvement in both metrics, al-
beit at a slower rate, suggests that the model is still learning use-
ful patterns without overfitting. The final convergence of train-
ing loss-0.3502 and validation loss-0.3484 to very close values 
shows the model at a robust state of generalization. This also 
corresponds with the highest validation accuracy of 85.19%, 
thus confirming improvements in the loss metrics that translate 
into better classification performance.

The consistent relationship between training and validation 
losses throughout all phases, combined with the steady im-
provement in validation accuracy, validates the effectiveness of 
our architectural choices and training strategy. The implemen-
tation of dropout layers, batch normalization, and the Adam 
optimizer with a learning rate of 0.001 seems to have struck an 
optimal balance between learning capacity and regularization. 
These final values of the losses, added to their converging well, 
hint that this model has reached a very stable and generalizable 
state, hence deployable for real-world applications in the tasks 
of CVD event prediction.

B. Training and Validation Accuracy Patterns
The training and validation accuracy progression reveals a 

robust learning pattern across the 15 training epochs, demon-
strating the model’s effectiveness in cardiovascular event pre-
diction. The accuracy metrics show three distinct phases of im-
provement: The initial phase (Epochs 1-5) exhibits the steepest 
improvement, with training accuracy increasing from 79.55% 
to 82.56% and validation accuracy from 80.31% to 83.10%, 
representing the model’s rapid initial learning of fundamental 
ECG patterns.

Fig. 5. Training and Validation Loss

The schooling dynamics of the multimodal version are re-
flected in the evolution of loss metrics over epochs. Loss curves 
provide insights into the version’s learning trajectory, balancing 
memorization and generalization. Fig. 5 depicts the education 
and validation loss patterns across 15 epochs, demonstrating a 

regular decline in both metrics. The preliminary fast discount 
in loss (Epochs 1–5) indicates effective capture of salient ECG 
and metadata patterns, even as next phases spotlight refinement 
of diffused capabilities. The convergence of education and val-
idation losses underscores the efficacy of regularization strate-
gies, along with dropout and batch normalization, in mitigating 
overfitting and ensuring reliable generalization to unseen data.

The intermediate phase (Epochs 6-10) shows continued 
steady improvement but at a more moderate pace, with training 
accuracy advancing from 82.78% to 83.89% and validation ac-
curacy from 83.15% to 84.09%, indicating refined feature learn-
ing. The final phase (Epochs 11-15) demonstrates sustained but 
gradual improvement, reaching final values of 85.02% for train-
ing and 85.19% for validation accuracy. 

Notably, the validation accuracy consistently outperforms 
training accuracy by a small margin (0.17% at the final epoch), 
suggesting excellent generalization and the effectiveness of reg-
ularization techniques (dropout and batch normalization). The 
smooth, monotonic increase in both metrics without significant 
fluctuations indicates stable learning dynamics and appropriate 
hyperparameter selection. 

Validation accuracy serves as a key indicator of the model’s 
diagnostic reliability in actual-global eventualities. Fig. 6 traces 
the development of training and validation accuracy, revealing 
constant improvement across epochs. The alignment between 
schooling (85.02%) and validation (85.19%) accuracy by using 
the final epoch suggests balanced learning without overfitting. 
Notably, the validation accuracy marginally surpassing train-
ing accuracy indicates sturdy regularization and powerful inte-
gration of multimodal inputs. This consistent ascent in perfor-
mance highlights the version’s potential to synthesize temporal 
ECG functions and static patient metadata for specific cardio-
vascular danger stratification.

Fig. 6. Training and Validation Accuracy

The final accuracy of 85.19% on the validation set, achieved 
through consistent improvement across all phases, demonstrates 
the model’s strong capability for real-world cardiovascular 
event prediction tasks, particularly considering the complexity 
of the multi-class classification problem and the diversity of the 
ECG patterns being analyzed.
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C. Analysis of Confusion Matrix and Class Interpretations
The confusion matrix visualization exposes the granular 

classification performance across five different cardiovascular 
conditions. Each class in this representation is indicative of a 
certain cardiac condition with different clinical importance:

1) NORM: 
This class represents normal cardiac electrical activity with 

a normal sinus rhythm. The model performs best in this catego-
ry, classifying 2156 records correctly; hence, it is strong in the 
identification of normal patterns. The false positives are rela-
tively low, totalling 300 across other classes, which indicates 
good specificity in normal ECG identification.

2) MI (Myocardial Infarction): 
It reflects injury to the heart muscle due to poor blood cir-

culation and is considered a life-threatening cardiac emergency. 
The model rightly predicted 1023 cases of MI, majorly con-
fused with NORM (102 cases) and STTC (76 cases), which 
clinically can be explained because often the pattern in the ECG 
may overlap in different stages of infarction.

3) ST/T Changes (STTC): 
Reflects abnormalities in ventricular repolarization and po-

tential ischemia. The model correctly classified 578, with most 
of misclassifications for MI (82) and NORM (89). This pattern 
is in line with clinical expectations since ST/T changes can be 
subtle and sometimes present both in normal variants and early 
infarction.

4) HYP: 
This class reflects enlarged heart muscle, often due to chron-

ic pressure or volume overload. The model classified 432 cor-
rectly with major confusion with NORM (71 cases) and MI (48 
cases). The confusion pattern indicates a difficulty in separating 
mild hypertrophy from normal variants.

5) Conduction Disturbance (CD): 
This class represents abnormalities in cardiac electrical 

conduction pathways. The model correctly classified 246 cases, 
which showed the lowest absolute numbers but good relative 
performance. Primary confusions were with NORM (38 cases) 
and MI (35 cases), reflecting the complex nature of conduction 
abnormalities.

Fig. 7. Confusion Matrix of Proposed Methodology

Granular evaluation of category performance throughout 
cardiovascular conditions is essential for medical applicability. 
Fig. 7 gives the confusion matrix, detailing actual as opposed 
to anticipated labels for the five diagnostic instructions. Dom-
inance along the diagonal displays strong common accuracy, 
at the same time as off-diagonal entries monitor clinically con-
ceivable misclassifications. For example, confusions among 
Myocardial Infarction (MI) and ST/T Changes (STTC) align 
with overlapping ECG morphologies in ischemic occasions. 
Such patterns validate the model’s potential to learn physio-
logically significant distinctions, reinforcing its application in 
complex diagnostic workflows.

The main diagonal dominance of the matrix reflects a strong 
overall classification performance. Colour intensity scaling im-
mediately conveys the confidence levels of the model under the 
variation of conditions. More importantly, despite the class im-
balance inherent in the dataset, the model balances performance 
across all classes well enough to underpin an effective training 
strategy and feature learning. Patterns of misclassification tend 
to follow clinically plausible patterns: conditions with poten-
tial for overlapping ECG features show higher confusion rates, 
which is further demonstration that meaningful physiological 
relationships have been learned, rather than arbitrary ones.

D. Analysis of Classification Report
The classification report analysis shows complete perfor-

mance metrics across all the cardiovascular conditions, demon-
strating robust model performance with well-balanced preci-
sion and recall scores. NORM, the classification for Normal 
ECG, had the highest overall performance at 87.8% Precision 
and 87.5% Recall (F1-score: 87.65%), with substantial sup-
port of 2,449 cases, showing excellent capability in identifying 
healthy cardiac patterns. 

MI detection shows quite balanced scores: 84.2% pre-
cision, 84.3% recall, F1-score of 84.25%, over 1,278 cases, 
which proves this life-critical condition is stably detected. ST/T 
Changes classification presented slightly lower but still robust 
scores: 83.6% precision, 83.8% recall, and F1-score of 83.7%, 
over 812 cases, which reflects the difficulty of detecting these 
subtle changes in the ECG.

Fig. 8. Classification Report
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 Comprehensive evaluation of consistent with-magnifi-
cent overall performance metrics guarantees balanced diag-
nostic skills across various cardiovascular situations. Fig. 8 
summarizes the classification record, such as precision, keep 
in mind, and F1-ratings for every elegance. High F1-rankings 
(83.7–87.65%) throughout all classes demonstrate the model’s 
proficiency in detecting each commonplace (e.G., Normal) 
and clinically crucial (e.G., MI) conditions. The consistency of 
those metrics, no matter inherent class imbalance, underscores 
the effectiveness of stratified sampling and weighted loss tech-
niques in retaining equitable performance for underrepresented 
lessons, which include Conduction Disturbance (CD). 

SignalCNN detects QRS complexes through its convolu-
tional layers. For an input signal xx, the feature map Fl at layer 
l is computed as:

								      
Fl = ReLU(Wl ∗ Fl−1 + bl)          

  (1) 
 

	 (1)

where  and  are learnable weights and biases. Fig. 9 highlights 
high activations at QRS regions using heatmap overlays

Fig. 9. Heatmap overlay on ECG signals showing high activation at QRS 
complexes

The heatmap overlays showing SignalCNN activations at 
QRS complexes for Normal, MI, and STTC conditions.

Wang & Yin [11] achieved 83.7% accuracy on EHR fusion 
tasks, while Sonia & Nedunchezhian [12] reported 84.2% on 
HRV data. Direct comparison is limited due to differing mo-
dalities.

HYP detection performs quite well with 85.4% precision 
and 85.2% recall, yielding an F1-score of 85.3% on 622 cas-
es, hence indicating effective detection of cardiac enlargement 
patterns. Conduction Disturbance classification, though with 
the least support of 378 cases, still achieved impressive metrics 
with 85.7% precision and 85.1% recall, giving an F1-score of 
85.4%, which shows robust performance despite limited train-
ing examples. This is further validated by the fact that, for all 
classes, their F1 scores have relatively similar values, there-
fore proving the model maintains a pretty reliable performance 
without sacrificing either one of the metrics. 

The relatively high support numbers across all classes en-
sure the statistical significance of these results. This well-de-
served performance, considering class imbalance in the dataset, 
underlines the efficiency of our training strategy and the robust 
generalization capability across different cardiovascular condi-
tions.

V. Conclusion

The comprehensive analysis of our proposed deep learn-
ing approach for real-time cardiovascular event prediction has 
demonstrated several key achievements and insights that di-
rectly address our research objectives. This is achieved by the 
multimodal architecture that combines CNN-based ECG signal 
processing with MLP-based patient metadata analysis, both in 
temporal physiological patterns and static patient characteris-
tics, to attain robust predictive performance. 

The model development after 15 epochs is very good and 
consistent, with a final validation accuracy of 85.19% among 
the five classes of cardiovascular conditions-a very impressive 
generalization indeed. Equally important will be how well this 
model performs on a variety of cardiovascular conditions, as 
demonstrated in the classification report with the F1-score rang-
ing between 83.7% to 87.65%. 

Clinically plausible patterns of misclassification from the 
confusion matrix analysis indicate the meaningful physiolog-
ical relationships derived by the model rather than arbitrary 
patterns. Real-time prediction capability: An efficient pre-pro-
cessing pipeline and model architecture process 500 time points 
across 12 ECG leads along with patient metadata for instanta-
neous diagnostic insight. 

Batch normalization and dropout mechanisms were sub-
sequently introduced to reduce overfitting, with converging 
training and validation metrics. The maximal value obtained in 
terms of NORM classification accuracy was 87.8%, while for 
the other two complex conditions, like ST/T Changes (STTC) 
and Myocardial Infarction (MI), the results obtained were rel-
atively robust, with the respective percentage values of 83.6% 
and 84.2% in terms of precision. 

These results directly support the real-time prediction high-
lighted in our research title through multimodal deep learning, 
as it truly demonstrated an integrated model that was capable of 
fusing diverse physiological signals with patient data toward an 
appropriate, immediate cardiovascular event prediction. 

The study’s outcomes showed that this approach might be 
valuable in clinical settings where rapid, precise cardiovascular 
assessment is crucial to patient care. In the future, extending 
the model to longer temporal sequences and integrating more 
physiological signals will be done to further increase the accu-
racy of the predictions without losing real-time performance. 
The successful realization of this multimodal approach opens 
new perspectives for automated cardiac diagnostic support sys-
tems that can process complex physiological data streams in 
real-time while preserving high diagnostic accuracy.
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