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Abstract

Early diagnosis of cardiovascular disease (CVD) plays a vital role in disease prevention. This paper proposes to
predict the risk of developing CVD's using traditional clinical parameters and some cardiac biomarkers such as
C-reactive protein (CRP), Homocysteine, and lipoprotein(a)(Lp(a)). This research works by augmenting two
different datasets and make use of Tabular Variational Autoencoder (TVAE) to obtain 10,000 balanced samples.
One-Dimensional Convolutional Neural Network (1D-CNN) has been trained to detect intricate relationships
within said dataset. Our algorithm was rather efficient, reached accuracy of 91%, precision of 91%, recall of 90%
and f1 score 90%. Feature Importance Permutation was employed to determine which features were the most
important in making CVD prediction. The study found out that the most critical parameter was Hypertension,
while Smoking and Diabetes came in a close second place. Although these conventional factors were responsible
for making up the primary CVD prediction model, some specific biomarkers were indispensable for reaching high
accuracy.
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1. Introduction

Cardiovascular disease (CVD) prediction is important for early diagnosis and treatment. Disease detection is
highly significant. If doctors diagnose cardiac diseases at an early stage, then they would be able to treat their
patients effectively and save their lives. Conventional risk stratification, such as Framingham Heart Study,
depends on simple parameters including age, BMI, and BP [1]. The old approach usually fails to detect
complicated associations.

Cardiovascular disorders associated with chronic systemic diseases have major consequences for vascular
anatomy and physiology. Hypertension plays an significant role in the onset of heart disease, where the consistent
pressure exerted on the arteries causes the arteries to become dysfunctional and more rigid, causing faster plaque
deposition [2].Similarly, diabetes mellitus significantly increases the risk of cardiovascular diseases due to
systemic hyperglycemia and insulin resistance, which lead to oxidative stress and inflammation of the blood
vessels, thus making diabetes not only a metabolic disorder but also a cardiovascular disease equivalent[3]. Other
than metabolism-related risks, there are also specific behavioral risks such as smoking. Smoking is a major
chemical exposure that exposes one’s body to toxins that will affect endothelium, increase chances of blood
clotting, and speed up the formation of atherosclerosis [4].

The latest findings reveal that modern cardiologists discovered novel biomarkers in the bloodstream. This novel
group includes CRP, Homocysteine, and Lipoprotein(a). These markers reveal hidden inflammation and genetic
risks that standard test failure [5]. The inclusion of the particular biomarkers into the standard health information
leads to better insights into the patient’s heart condition.

Systemic inflammation is known to play an important part in cardiovascular pathologies, which can be measured
in terms of high-sensitivity C-reactive protein (CRP). Clinical studies conducted recently have found that CRP,
measuring residual inflammatory risk, was a more powerful predictor of cardiovascular disease and death
compared to residual cholesterol risk in people on statin therapy [6]. Homocysteine is metabolically an important
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independent marker as a sulfur-containing amino acid. Hyperhomocysteinemia causes endothelial cell injury,
oxidative stress, and prothrombosis. Recent studies have established its strong association with atherosclerotic
cardiovascular disease, especially in young individuals and those not having any classical risk factors for this
condition [7]. Finally, Lipoprotein(a) (Lp[a]) has proven to be an essential risk factor with a genetic basis that
needs to be managed carefully through clinical evaluation. It is quite similar to LDL cholesterol except for the
presence of the atherogenic apolipoprotein(a). Lp[a] has been identified as a key driver of residual Cardiovascular
risk and aortic stenosis regardless of whether other lipid levels are under medical control [8].

The Artificial Intelligence (Al) technology is currently used to predict diseases. Deep learning algorithms are
capable of recognizing complicated associations that cannot be detected by a person [9,10]. Al needs massive
amount of data to work correctly. Real-world medical datasets are usually very small and unbalanced [11]. So, the
lack of data makes it impossible to create highly effective Al models. The proposed paper is aimed at overcoming
this challenge. Following steps were implemented while doing experimental work:

i.Two separate data sets will be integrated into one.
ii.An advanced TVAE-based algorithm [12] will be utilized for creating synthetic data.
iii.One-dimensional convolutional neural network will be used to predict the probability of developing a discase.
iv.The integration of routine health information with particular biomarkers enables to develop an effective prediction
model.

2. Problem Statement

Detection of cardiovascular disease is difficult due to the absence of adequate data and imbalances in the dataset,
as well as the failure to integrate relevant biomarkers. In this paper, we attempt to create a predictive model
through the use of synthetic data creation and 1D-CNN with clinical and biomarker data.

3. Objectives

. To generate synthetic data using TVAE to improve dataset size and balance
. To develop a model for enhanced cardiovascular disease detection

. To evaluate model performance using standard metrics

4. Proposed Methodology

This paper presents a systematic framework that uses clinical data and biomarker values for detecting
cardiovascular diseases. It involves data gathering, data cleaning, data merging, data synthesis, normalization,
model training, and model testing. Data sets are merged, followed by data augmentation using synthetic data,
before being normalized and used in training the deep learning model. A one-dimensional convolutional neural
network model [13] is applied for making predictions (as shown in figure 1). Methodology proposed is as follows:

4.1 Data Collection

The first process that we had to carry out was the selection of appropriate medical records. The sources of these
data were the Kaggle websites. For obtaining the full information about heart conditions, we made sure that there
are two different sets of data.
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Figure 1: The Proposed Methodology

The First Dataset: The data in this set represent conventional indicators in medical history. The records include
such factors as age, body mass index (BMI), Diabetes and Lp(a).

The Second Dataset: The second set contained more sophisticated indicators based on laboratory tests. In
particular, these data contain such important indicators as Triglyceride Level, C-reactive protein (CRP) and
Homocysteine.

Without using two sets of data, we could not obtain necessary information required to make predictions about
heart diseases. Both types of data give us the opportunity to observe both physical and biochemical symptoms of
heart condition.

4.2 Data Preprocessing

Raw medical data is rarely perfect. Prior to the combination of the two sets of data, we needed to manipulate the
data set for the correct input of the artificial intelligence model. The cleaning process was made up of the
following:

Missing Data Imputation: Missing values are a common problem in the actual record of patients. As opposed to
discarding the data, we applied some statistical measures to estimate the missing values.

Encoding: Artificial Intelligence models are unable to work with the textual inputs. Therefore, categorical
variables were encoded using numerical representations. The text such as "Male/Female" and "Diabetes/Non-
Diabetes" was coded into 1 and 0 respectively.

Normalization: There is a huge difference between the scales used in medical tests. For example, blood pressure
has a big value, whereas biomarkers have very low values. An initial normalization of the dataset was done, and
this helped standardize both the values so that we could integrate them together in the subsequent process.
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4.3 Datasets Merging

Both the datasets have been merged into one using common variables. The common variables present in both the
datasets are Age, Gender, Cholesterol Level, Diabetes, BMI, and Triglyceride Level. Only these common variables
have been considered for maintaining uniformity between both the datasets. This helps avoid any sort of error
during the process of merging. Once the common variables have been considered, both the datasets have been
merged. Duplicates have been removed from the database. This helps in increasing the number of observations.

4.4 Synthetic Data Generation

The medical datasets are usually not large enough to develop the deep learning algorithm adequately. Hence, we
applied the Tabular Variational Autoencoder (TVAE) algorithm [14] to increase the size of our medical dataset.
This cutting-edge artificial intelligence identifies the intricate statistical relationships between different
characteristics of our data to create an extremely authentic sample. This study used consolidated dataset in the
input of TVAE. It analyzed all the variables to create a new set of patients. Some of the specific variables include
as shown in Figure 2. Target Variable: Outcome (whether the patient has any form of cardiovascular disease). In
addition, TVAE recognized the connection between all these variables and their influence on the "Outcome”
variable. In this innovative approach, we expanded our data collection to 10,000 balanced samples. We ensured
that our deep learning algorithm would have a sufficient number of data to work on without the risk of overfitting.

4.5 Normalization

After generating 10,000 synthetic samples, we implemented one more scaling step to the final normalized version
of our data set. Such an approach is crucial because of the great variability of the sizes of clinical features. For
instance, there could be patients' triglycerides level in the hundreds, while the level of CRP will be a small fraction
value. Without scaling such data, the machine could misinterpret the information presented, assuming that the
higher the number, the greater the feature importance in mathematical terms. In consequence, we managed to
normalize the entire dataset and made sure that every feature in the dataset would have the same importance in
terms of scale for the 1D-CNN. As a result, our algorithm trained faster and reached its peak performance.

e m—
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Figure 2: Hierarchical representation of Meta data

Available online at https://www.psvmkendra.com 3490



(]

ANUSANDHANVALLARI

ISSN: 2229-3388

&

4.6 1D-CNN Training

One-Dimensional Convolutional Neural Network refers to a deep neural network architecture used to handle
sequential or structured data through application of convolutions in a single dimension. This technique differs
from conventional machine learning techniques since one dimensional CNN [15] have the ability to automatically
learn the most important features from the raw data.

The 1D-CNN model has been used in this research work to predict cardiac diseases using clinical and biomarker
datasets. This model helps in understanding interactions between different features like hypertension, diabetes,
and chemical elements, leading to better classification efficiency. Fully connected layers are then used to make
predictions based on the feature maps generated. Owing to its capability to generate hierarchical features and
manage non-linearities, 1D-CNN models have been found more efficient than other models in healthcare
applications.

4.7 Classification-Based Performance Metrics

In order to measure the performance of the 1D CNN model in a quantitative manner, the following classification
measures have been obtained using the confusion matrix. The confusion matrix provides the following four basic
features: True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN). With the help
of the above-mentioned features, the performance of the model [16] has been evaluated based on four key
classification metrics given in Table 1 below.

These performance measures enable an evaluation of the efficiency of the model in prediction, especially for
applications in diagnosing diseases, where both false positive and false negative results are critical.

5. Literature Review

Various Artificial Intelligence and Machine learning techniques have been applied in the prediction of CVD
because of their excellent predictive capability. Recent research has made use of traditional machine learning
models, deep learning methods, and synthetic data generation techniques to enhance the accuracy of the
predictions. A few related studies are listed below.

The work of K. Miao and J. Miao [17], proposed a more improved DNN algorithm for the prediction of the
occurrence of coronary heart disease based on the clinical features available. The researchers aimed at addressing
the problem of overfitting by deploying a multilayer perceptron model that has been strengthened with the
application of L2 regularization and a dropout rate of 50%. The proposed DNN was tested on the famous dataset
from the Cleveland Clinic Foundation, where its accuracy of classification was found to be 83.67%. Significantly
important to a clinical setting, the proposed DNN model obtained a remarkably high sensitivity of 93.51%.

Zawadzki and Parvaneh [18] examined the use of Synthetic Data Generation (SDG) to resolve the common
problems of class imbalance and small dataset sizes in cardiovascular predictions, with particular emphasis on
enriching training samples for chronic heart failure prediction. The authors considered several SDG approaches,
starting from sophisticated Generative Adversarial Networks (GANs) down to more simple architectures such as
the Gaussian Copula, to determine their influence on the performance of a Catboost classifier. According to the
results, the use of synthetic data resulted in minor gains in general, mainly due to enhanced F1-scores for clinically
minority classes (e.g., female patients). Significantly, the simpler generative methods were able to demonstrate
better performance compared to the more sophisticated yet optimized GANSs, despite their synthetic data
exhibiting greater quality. Nonetheless, the work showed considerable variation in the predictive stability of cross
validation folds, suggesting that despite being an interesting approach for addressing class imbalances in clinical
studies, SDG requires setting specific thresholds for sample sizes.
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Table 1: Performance Metrics used

Evaluation | Mathematical Equation Clinical Interpretation
Metric
Accuracy | _ TP +TN Correctness of the model when
ccuracy = TP +TN + FP + FN predicting both sick and healthy states.
Precision Precision = —=% The Probability of a sick person to be
TP+FP detected by the model among all other
Recall Recall = —F Capacity of the model to detect all the
TP+FN genuinely sick individuals.
F1-Score F1s _ precision * recall General robustness and stability of the
core = zax precision + recall model, which is particularly important
for imbalanced data sets.

The problem of the weaknesses of machine learning algorithms has led to the development of an automated
Convolutional Neural Network (CNN) by Sajja and Kalluri [19]. While recognizing the shortcomings of existing
classification methods in terms of the necessity of manually selecting features and the lack of predictability, the
authors employed the Cleveland Heart Discase database to design a CNN with the ability to learn its own features.
The deep learning method demonstrated great predictability, registering an accuracy rate of 94.78%. This rate is
superior to the best scores of the conventional classifiers including K Nearest Neighbor, Logistic Regression, and
Support Vector Machine which achieved only 86.8%.

In order to resolve the limitations related to the application of classical machine learning algorithms within the
scope of heart disease diagnosis based on generalization of clinical data, El-Shafiey et al. [20] suggested a novel
hybrid deep learning approach. In particular, the research included implementation of 1D CNN to perform
automated hierarchical feature extraction using Bi-LSTM for bidirectional dependencies analysis between clinical
records. Additionally, to achieve the highest accuracy level and computing effectiveness, Bayesian optimization
was utilized to optimize the parameters of the suggested architecture including the sizes of filters and dense layers.
After testing the performance of the newly introduced 1D CNN-BiLSTM model on the most widely used
Cleveland and Statlog datasets, it became clear that the introduced approach performed impressively in terms of
prediction accuracy, reaching 89.01% and 82.72% correspondingly. Consequently, it can be stated that the
suggested technique surpassed the existing state-of-the-art models and proved that integration of 1D CNN and Bi-
LSTM allows developing a reliable automated system for cardiovascular disease detection.

In the current paper, Garcia-Vicente et al. [21] discussed multiple approaches to the generation of synthetic data
through comprehensive analysis and experimentation. The present paper addresses the problem of imbalanced
clinical data concerning the prediction of heart disease using data generation methods. Specifically, the authors
examined the effectiveness of various data generation algorithms, such as CTGAN, TVAE, and SMOTEN, with
regard to specific machine learning models. According to the authors, GAN models proved to be extremely
efficient since they outperformed other models in terms of modeling the distribution of categorical data in the
real-world environment. Additionally, through implementing different explainability methods, including SHAP,
Garcia-Vicente et al. managed to conduct clinical validation of their study results by identifying multiple factors
associated with the risk of developing heart disease, including high cholesterol levels, age, BMI, and gender.
Therefore, the paper demonstrates the possibility of successfully using deep learning models for the purpose of
data generation while maintaining physiological interpretability.

The authors Garcia-Ordas et al. [22] suggested a successful method based on deep learning in combination with
feature augmentation to predict heart disease risks. This method takes into account different factors, such as age,
gender, cholesterol level, and heartbeat of the individual. Deep learning and feature augmentation are helpful in
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addressing multi-factor assessment, which yields more positive results and accuracy up to 90%, exceeding other
approaches by 4.4%.

Arooj et al. [23] suggested an innovative method for detecting heart disease based on a deep convolutional neural
network (DCNN). This algorithm is built based on features extracted from the UCI heart disease data set. This
algorithm takes clinical information as inputs and classifies the patient as either healthy or suffering from the
disease. It is significant to note that the DCNN proposed by Arooj et al. was able to achieve an impressive
validation accuracy of 91.7%.

6. Results and Discussions

In the study, the main purpose was to create an efficient and unbiased deep learning algorithm for CVD prediction.
Machine learning algorithms traditionally employed for medical diagnoses are usually affected by poor
performance as they use data sets that are usually imbalanced and require manual feature selection. In order to
eliminate the limitations of conventional algorithms, the new study introduced a hybrid solution in which a
generative algorithm known as Tabular Variational Autoencoder (TVAE) is used along with an autoencoder-based
feature extraction technique named 1D CNN.

The clinical information that has been used for this study comes from public sources of heart disease datasets.
Similarly to actual medical data, the initial set was imbalanced, as the vast majority of observations belong to the
category of people who were not sick at all. Unfixed data imbalance can create an inherent bias in predictive
models favoring the majority class. To address this issue, TVAEs have been employed to learn the complicated,
non-Gaussian distributions of the original records of the real patients. This way, the network was able to synthesize
very authentic, tabular samples, increasing the dataset to a massive size of 10,000 records. Significantly, the
generation was perfectly balanced as 5,008 belonged to Outcome 1 class and 4,992 — Outcome O class.

After the data augmentation procedure, the customized 1D CNN was set up to learn the multi-dimensional data
set. In contrast to the conventional approach, where feature engineering had to be conducted manually, the
proposed 1D CNN is able to detect hidden patterns in the multi-dimensional data with its convolutional layers in
a systematic manner. In order to ensure consistent learning without overfitting, i.e., merely memorizing the
training data, Batch Normalization as well as rigorous Dropout layers (30-40%) were incorporated into the system
(as shown in the figure 3).

In order to conduct an analysis of the model’s performance and make sure it could be applicable to actual clinical
cases, an initial data augmentation of the database with 10,000 patients resulted in splitting before training. The
split was conducted on the conventional basis of 80% of data being used for training and only 20% for testing the
performance of the 1D CNN. Training for the 1D CNN was carried out on the 8,000 patients using 50 epochs. It
is very important to study the learning process because this allows determining whether the model has generalized
during the training process.

Figure 4 and 5 shows the gradual convergence of the neural network. Both the training curve and the validation
curve converged consistently during the 50 epochs. The model was able to make optimal weight adjustments at
epoch 35, denoted by the dashed vertical line labeled "Best Epoch." Since there were no significant discrepancies
between the validation and training curves for loss and accuracy, the model did not overfit.
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Figure 3: Workflow Diagram of 1D CNN for CVD Prediction
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Table 2. 1D-CNN performance

Accuracy 91
Recall 90
Precision 91
Fl-score 90

In order to measure the effectiveness of the framework as a classifier, the trained one-dimensional convolutional
neural network was applied to the set of 2,000 unseen test records. The precise probabilities of prediction are
indicated by the confusion matrix as shown in figure 6.

In this case, the framework correctly identified almost all unseen subjects, with 903 True Positives and 907 True
Negatives, making only 91 False Positives and 99 False Negatives. The final results are displayed in Table 2. This
system is characterized by outstanding reliability, with an accuracy level of 90.50%, precision is 91% and its F1-
Score is 90.48%. Notably, the recall (sensitivity) of this model was 90.12%. In the case of cardiac disease
diagnosis, it is important to minimize errors related to false negative results, where the actual patients who are
under the threat of adverse events are not detected. One major drawback associated with the usage of deep learning
in the medical field is that of "black box," which means the justification of the reason behind a prediction made
by the model remains unclear. To promote clinical clarity, feature importance analysis was performed on the 1D
CNN as shown in figure 7.

In terms of the results, it was found out that Hypertension, TOBCAT, Diabetes, and BMI were the best indicators
of cardiovascular risk within the network structure. The above-mentioned attributes perfectly correspond to the
well-known aspects in real-life medicine and physiology of the cardiovascular system. Since the presented
framework proves to be based on clinically reasonable biomarkers and not just mathematical constructs, it
provides not only accuracy but also physiological transparency, thus making a good basis for a decision support
system.

7. Findings

. 1D-CNN can effectively capture feature interactions in tabular data.

. Data synthesis increases the number and quality of datasets.

. State-of-the-art biomarkers greatly increase prediction precision.

. The model exhibits balanced results in terms of all evaluation criteria.
. This method can be applied in clinical decision support systems.

8. Limitations and Research Gaps

While the proposed CNN architecture for TVAE-1D proves to predict highly accurate results, certain
improvements need to be made. Firstly, the study applies retrospective cross-sectional data that only reflects the
physiological state of patients at a particular point in time. As heart conditions are dynamic and progressive, static
data cannot adequately account for the continuous changes taking place in real-time. Secondly, although the
Tabular Variational Autoencoder succeeded in addressing the issue of balancing classes, the process of generating
additional samples is constrained by the statistical nature of the original data. While being statistically sound,
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these new samples will not accurately reflect the rare but possible cases that may occur in real-world settings.
Lastly, despite its capabilities, the system is single-modal, only applicable to tabular medical data and biomarkers.

The mentioned constraints highlight several critical deficiencies in the research that should be addressed promptly
to enhance its possible applicability in a clinical setting. In the first place, to extend the prediction capability from
static cross-sectional analysis to a dynamic approach, it is imperative to adapt the 1D CNN model to accommodate
time series information. In addition, to address the issue of restricted input data availability, it would be vital to
integrate continuous data obtained via [oMT wearable devices into the predictive algorithm. Finally, it would be
essential to perform an empirical experiment based on a real-world prospective sample to address the constraints
associated with artificial data usage.

Hence, another significant point to consider while furthering the development of this framework would be its
validation using databases from various multi-center hospitals, which could be done on the basis of its validity in
diverse patient groups in terms of their demographics, genetics, as well as health regulations around the world.
Lastly but most importantly, yet another limitation of the current model lies in the absence of multimodal data
integration. One way forward in this case could be developing hybrid ensembles that can incorporate both imaging
and physiological data in addition to tabular data.

9. Conclusion

This research was able to develop a diagnostic system with automation and machine learning principles for early
detection and classification of CVDs. By mitigating the problems associated with clinical data bias, it was revealed
that the implementation of data augmentation before classification can help deep learning models operate at a
highly efficient level. The novel architecture of TVAE and 1D CNN showed that using artificial intelligence in
combination could drastically increase prediction accuracy.

The key strength of the current study is the high sensitivity of the model to diagnose accurately. The model has a
high percentage of recall to ensure that there is no false negative prediction that would lead to fatal errors when
dealing with patients who need immediate attention. In addition, the current study made a significant contribution
to association of computational models with clinical practice. Unlike other computational models that are treated
as black boxes, the model used in the current study was based on evidence from medical studies that Hypertension,
Tobacco Usage, Diabetes, BMI, Homocysteine, and Lipoprotein(a) were main contributors of CVD risks.

Finally, this study results in a very scalable, objective, and physiologically clear decision-making support system.
As it demonstrates the capability of artificial intelligence technology to be highly accurate and medically
understandable, this study creates a highly plausible technique for doctors to improve their methods of intervention
at an early stage in cardiac treatment.
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