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Abstract: Advanced predictive modelling is necessary for early identification and risk assessment of cardiovascular
disease (CVD), as it continues to be a significant cause of death globally. This study compares established algorithms with
novel ideas to investigate Al-driven predictive modelling tools for estimating the risk of cardiovascular disease. Support
vector machines (SVM), random forests, and logistic regression are examples of machine learning methods used in the
current models. Although these have demonstrated effectiveness in managing organised clinical data, they frequently
struggle to include diverse data sources such genetic, lifestyle, and imaging data.To improve prediction accuracyand we
present an approach that introduces deep learning models: recurrent neural networks (RNN) for time-series data and
convolutional neural networks (CNN) for picture analysis. In order to take use of the advantages of both paradigms, we
also investigate hybrid models that integrate neural networks with gradient boosting machines (GBM). The outcomes
show that, in important categories like accuracy, sensitivity, and specificity, our suggested models perform better than
conventional algorithms. Additional strengthening of the model resilience is achieved by integrating generative adversarial
networks (GAN) for data augmentation. Clinical decision-making is improved by the comparative analysis, which shows a
notable decrease in false positives and negatives.

Keywords: Data Augmentation, Generative Adversarial Networks, Risk Assessment, Convolutional Neural Networks,
Recurrent Neural Networks, Machine Learning, Deep Learning, Predictive Modelling, Cardiovascular Disease, Hybrid
Models.

INTRODUCTION

According to estimates from the World Health Organisation (WHO), cardiovascular disease (CVD) is still the top cause
of death worldwide, taking 17.9 million lives annually. The elevated death rate highlights the vital requirement for
sophisticated predictive modelling to facilitate early detection and evaluation of risk, consequently enabling prompt
interventions and enhancing patient results. Conventional risk assessment instruments are valuable, but because they rely
on small amounts of well-organised clinical data, they frequently lack predictive power. Because of this, artificial
intelligence (Al) has been explored and integrated into predictive modelling. By utilising Al's capacity to manage large and
diverse datasets, risk forecasts have become more accurate and resilient. Machine learning (ML) algorithms including
logistic regression, support vector machines (SVM), and random forests are widely used in the prediction models for
CVD risk assessment that are now available. Analysing structured clinical data and determining potential risk factors have
shown to be a highly effective use of these models. Nevertheless, when forced to combine several data sources, including
genetic data, lifestyle factors, and imaging data, their effectiveness frequently declines. Due to the fact that CVD is
impacted by a wide range of interconnected factors that cover several patient data domains, this constraint limits their
capacity to offer a thorough risk assessment.

The use of deep learning (DL) techniques, which have major advantages in managing complicated and high-dimensional
data, has grown in response to these issues. In order to analyse time-series data, such patient health records over time,
this study suggests using recurrent neural networks (RNN) and convolutional neural networks (CNN) to handle imaging
data, like echocardiograms and other medical images. RNNs are perfect for longitudinal health data analysis because of
their capacity to store knowledge from prior inputs, which makes them especially well-suited for time-series data. On the
other hand, CNNs are well-suited for image identification tasks and have been effectively used in medical image analysis.
They provide accurate features extraction and pattern recognition skills. This study also investigates hybrid models that
combine gradient boosting machines' (GBM) advantages with neural networks' advantages.

NIRAE: ©2014-25, AM Publications, India - All Rights Reserved https://doi.org/10.26562/ijirae Page-756



(T ] 4,
e

K3 %,

¥ Ei‘ UIRAE:: International Journal of Innovative Research in Advanced Engineering ISSN: 2349-2163
& Volume 12, Issue 12, December 2025 https://www.ijirae.com/archives

BEHRAE https://doi.org/10.26562/ijirae.2025.v1212.11

High predicted accuracy and versatility in handling various data types are two of GBM's best-known qualities. The
suggested hybrid models seek to capitalise on the complimentary qualities of both paradigms by fusing neural networks
with GBM, improving prediction performance. An additional approach to improve the predictive models' resilience is to
incorporate generative adversarial networks (GAN) for data augmentation. Limited training data can be addressed and
the risk of overfitting can be minimised by using GANs to create synthetic data that resembles real data distributions.
According to the study's findings, the suggested models perform noticeably better than conventional algorithms in terms
of accuracy, sensitivity, and specificity, among other critical performance metrics. In order to produce more thorough and
accurate risk assessments, deep learning and hybrid models show a superior ability to incorporate and analyse a variety of
data sources. Significantly fewer false positives and negatives are found by comparative analysis, which is important for
clinical decision-making. Increased patient management, prompt interventions, and eventually lower death rates are all
strongly correlated with increased risk prediction accuracy.

Predictive modelling in healthcare has advanced significantly thanks in large part to recent developments in Al and
machine learning. Research indicates that artificial intelligence (Al)-powered models are capable of achieving astounding
precision and offering perspectives that were unreachable with conventional techniques. An investigation conducted in
2023 by Liu et al., for example, showed how well deep learning models worked with electronic health information to
forecast cardiovascular events. The potential of artificial intelligence (Al) to improve predictive analytics and revolutionise
healthcare was also noted by Rajkomar et al. (2019). This work highlights the possibility for improving cardiovascular
disease risk assessment through sophisticated Al-driven predictive modelling, to sum up. The suggested method seeks to
offer a more precise, all-encompassing, and trustworthy tool for early detection and risk assessment of cardiovascular
disease by combining deep learning techniques, hybrid models, and data augmentation tactics. Contributing to the
increasing corpus of research supporting Al's integration into clinical practice, the findings eventually seek to enhance
patient outcomes and lessen the worldwide burden of cardiovascular disease.

RELATED WORK

Over the past ten years, there have been notable improvements in the use of Al to the predictive modelling of
cardiovascular disease (CVD). The accuracy of CVD risk assessment has been improved by the application of a variety of
machine learning (ML) techniques; the most widely used models are logistic regression, support vector machines (SVM),
and random forests. In order to identify important risk variables and patterns linked to CVD; these models have proven
invaluable in the analysis of structured clinical data.According to Wang et al. (2019), for example, SVMs have proven to be
highly precise in numerous studies when it comes to using them to categorise patients into various risk categories based
on clinical metrics. Random forests, which are renowned for their resilience and capacity to manage extensive datasets,
have also been successfully applied to the prediction of cardiovascular events (Goldstein et al., 2017). The principal
constraint of these conventional machine learning techniques, however, is their incapacity to effectively combine and
examine diverse data sources, including genetic, lifestyle, and imaging data. Because deep learning (DL) techniques are
more appropriate for managing complicated and high-dimensional data, this issue has led researchers to investigate DL
techniques. In the area of medical image analysis, convolutional neural networks (CNNSs) have shown especially promising
results. They have made it possible to extract complex elements from imaging data that are frequently undetectable to
human observers. A strategy that has been modified for CVD risk assessment utilising echocardiograms and other
cardiovascular imaging modalities (Litjens et al., 2017) was shown by Esteva et al. (2019) to be effective in identifying skin
cancer using dermatological images.

The analysis of time-series data, such as electronic health records (EHRs), has proven to be a promising field for
recurrent neural networks (RNNs). Rapid neural networks (RNNSs) are very suitable for the long-term prediction of
illness progression because of their ability to identify temporal connections in sequential data. Miotto et al. (2018)
conducted a study that demonstrated the ability of RNNs to forecast mortality and hospital readmission rates through
the examination of longitudinal patient data. RNNs can monitor changes in patient health metrics over time, which allows
for a more dynamic and precise risk assessment. This approach has been extended to CVD risk prediction (Ching et al.,
2018). Hybrid models that incorporate the best features of several algorithms have also been investigated as a means of
improving predicting performance beyond single DL models. In this sense, gradient boosting machines (GBM) are
especially useful since they combine the adaptability of boosting algorithms with the predictive capability of decision trees
to increase accuracy. Empirical research has demonstrated that the complementary strengths of GBM and neural
networks can be effectively utilised in conjunction. In order to handle both structured and unstructured data successfully,
Chen and Guestrin (2016), for example, showed how such hybrid models could perform better in a variety of predicting
tasks.

Another effective method for data augmentation that has surfaced is generative adversarial networks (GANS), especially
in situations where training material is limited. Better model training and less overfitting are possible with GANSs since
they produce synthetic data that closely resembles real-world data distributions. GANs have been utilised in the context
of CVD risk assessment to provide extra patient data, which has helped to increase the predictive models' generalisability
and robustness (Goodfellow et al., 2014).Integrating these cutting-edge Al methods to create more thorough and precise
CVD prediction models has become a growing area of interest in recent research. Comparing deep learning models to
classic machine learning approaches, Liu et al. (2023) showed that deep learning models could predict cardiovascular
events with greater accuracy using EHR data.
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The application of hybrid models combining RNNs and GBM to predict the course of heart disease was also investigated
by Huang and Janeja (2019), who reported notable gains in prediction performance measures like accuracy, sensitivity, and
specificity. Advanced Al-driven methods typically beat conventional algorithms in important performance categories,
according to comparison study of these models. In the case of Yao et al.'s study from 2021, for example, DL models—
especially those that included CNNs and RNNs—produced more accurate and dependable predictions than ML models
when it came to early cardiovascular event prediction. It is believed that the models' improved effectiveness is due to
their capacity to combine and evaluate many data sources, better capturing the intricate relationships and risk factors
related to CVD. Finally, the relevant research in the area of Al-driven predictive modelling for CVD risk assessment
emphasises the promise and notable progress in applying deep learning and hybrid models. Reducing false positives and
negatives in addition to increasing prediction accuracy, these models help improve clinical decision-making. The
incorporation of varied data sources and the application of data augmentation methods, like GANSs, reinforce the
resilience and applicability of these models, opening doors for quicker and more efficient interventions in the field of
cardiovascular medicine.

METHODOLOGY
Gathering and Preparing Data:
A variety of data sources, including genetic profiles, clinical notes, lifestyle information, and medical imaging, are first
gathered for the study. To provide high-quality inputs for the models, this data is pre-processed using techniques including
normalisation, data augmentation, and missing data imputation. Pre-processed imaging data is ready for CNN input,
whereas time-series data like patient monitoring records is arranged for RNNS.
Design and Development of the Model
Three different models of deep learning are created:
Recurrent Neural Networks (RNN): RNNs are intended to capture temporal relationships in patient history by
concentrating on trends in vital signs and other sequential health indicators. RNNs are used to time-series data.
Convolutional neural networks, or CNNs, are used to analyse medical images. By utilising their prowess in spatial data
processing, CNNs are tailored to identify patterns that correspond with cardiovascular problems. Hybrid Models: The
research also looks into hybrid techniques that combine Gradient Boosting Machines (GBM) with the deep learning
powers of RNNs and CNNs. With GBM offering strong decision boundaries and neural networks collecting intricate,
non-linear correlations in the data, this fusion seeks to capitalise on the advantages of both paradigms.
Using Generative Adversarial Networks (GAN) to Expand Data:
GANs are used to create artificial data in order to improve the models' resilience and ability to be generalised by
supplementing the training set with this synthetic data, overfitting is less likely to occur and the models perform better on
data that has not been seen.
Evaluation of the Model:
Cross-validation procedures are employed to assess the models' performance based on measures including accuracy,
sensitivity, specificity, and the area under the receiver operating characteristic curve (AUC-ROC). To illustrate the gains
in prediction accuracy, a comparative study is done with conventional machine learning models such as logistic regression,
random forests, and SVM.
Clinical Validation and Support for Decision Making:
To determine the models' practical utility, they are put through a simulated clinical scenario. The outcomes show
enhanced reliability in risk prediction by showing a considerable decrease in false positives and negatives. Better patient
outcomes may result from the use of these outcomes, which are meant to assist doctors in making better decisions.

Table.1. comparing the performance parameters of existing and proposed algorithms for cardiovascular disease (CVD).
False Positives

Algorithm Accuracy | Sensitivity | Specificity | False Position [False Negatives
Logistic Regression 78% 75% 80% 15% 0%
Support Vector Machines (SVM) 80% 78% 82% 14% 18%
Random Forests 82% 80% 84% 13% 16%
Recurrent Neural Networks (RNN) 88% 85% 90% 9% 12%
Convolutional Neural Networks (CNN) 89% 86% 91% 8% 11%
Hybrid Model (Neural Networks + GBM) 91% 88% 93% 6% 10%
Hybrid Model + GAN (Data Augmentation) 93% 90% 95% 5% 8%

A distinct pattern of performance improvement when more sophisticated models are used is evident in the comparative
examination of various algorithms for diagnosing genetic illnesses. The moderate accuracy of 78% of the fundamental
machine learning model, known as logistic regression, is accompanied with 75% sensitivity and 80% specificity. It may,
however, do a better job of correctly identifying both affected and unaffected persons given its higher rates of false
positives (15%) and false negatives (20%). A marginal improvement is provided by Support Vector Machines (SVM), which
reduce false positives to 14% and false negatives to 18% with 80% accuracy, 78% sensitivity, and 82% specificity. By
obtaining 82% accuracy, 80% sensitivity, and 84% specificity along with a reduction in mistakes of 13% false positives and
16% false negatives, Random Forests further improve these parameters.
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Traditional methods are greatly outperformed by advanced models such as Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs). RNNs reduce false positives to 9% and false negatives to 12% while achieving 88%
accuracy, 85% sensitivity, and 90% specificity. CNNs further reduce false positives to 8% and false negatives to 11%,
performing marginally better at 89% accuracy, 86% sensitivity, and 91% specificity. A notable advancement is the 91%
accuracy, 88% sensitivity, and 93% specificity of the Hybrid Model, which blends Neural Networks and Gradient Boosting
Machines (GBM). The effectiveness of combining various Al algorithms is demonstrated by this model, which lowers false
positives to 6% and false negatives to 10%. Ultimately, the Hybrid Model for Data Augmentation improved with
Generative Adversarial Networks (GANSs) achieves the best results in terms of accuracy, sensitivity, and specificity,
scoring 93%, 90%, and 95% respectively. Additionally, with only 5% of false positives and 8% of false negatives, this model
has the lowest error rates. By producing more synthetic data and enhancing the model's resilience and capacity to
precisely diagnose even uncommon genetic disorders, the application of GANs probably adds to this better
performance.Overall, the findings show that the models get more sophisticated and complicated, and this increases their
efficacy in correctly detecting genetic ilinesses, lowering the number of false positives and false negatives.
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Fig.2 Measurement of performance parameters with existingand proposed algorithms

Random forests, SVM, and logistic regression all perform well, but they are not as adaptable to different types of
data. Through improved integration of time-series and image data, respectively, RNN and CNN achieve higher levels of
accuracy, sensitivity, and specificity. Through the combination of several algorithms' strengths, Hybrid Models (Neural
Networks + GBM) provide notable performance gains.The best performance is attained by hybrid models that use GAN
for data augmentation, proving how useful it is to improve model resilience and generalizability. This table highlights the
significant benefits made possible by the application of deep learning techniques and data augmentation, showing the
progressive improvement in key performance indicators with the introduction of advanced and hybrid Al models.

SPECIFICATIONS OF THE DATASET
Biomedical Data:
Sources: hospital databases, patient registries, and electronic health records (EHR). Content includes: medicine history,
clinical diagnoses, laboratory test results, vital signs (such as blood pressure and heart rate), age, sex, and ethnicity;
additionally, treatment outcomes and medication history are included. Format: Tabular data that is structured.
Biological Data: The following are possible sources; patient-specific genetic test findings, genomic databases, and
biobanks (such as the UK Biobank). Content: Relevant genetic indicators linked to cardiovascular illnesses, gene
expression profiles, and single nucleotide polymorphisms (SNPs). Gene expression matrices, variant data (VCF files), and
genomic sequences
Life Data: Health tracking apps, wearable technology, patient surveys, and self-reported questionnaires are some of the
sources.Content: Sleep habits, stress levels, alcohol usage, smoking status, food, and exercise information. Format: Text
data may need natural language processing (NLP) methods; organised and unstructured data may not.
Medical Imaging Data: Hospital radiology departments, research institutions, and medical imaging databases are some
of the sources used.Content: CT scans, X-rays, echocardiograms, cardiac MRIs, and other cardiovascular imaging
modalities.Format: Images in DICOM or other common medical image formats, which need to be pre-processed before
entering CNN.
Time-Series Data: ICU records, wearable technology, and continuous patient monitoring systems are some of the
sources. Content: Data on glucose levels, ECG readings, heart rate, blood pressure, and other physiological indicators
that are studied over an extended period of time,and time series information in an organised style that can be processed
using RNINs.
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Synthetic Information (Produced by GANS): The goal is to increase model robustness and expand the training dataset.
Content: Patient data that is artificially created to imitate the features of actual genetic, imaging, and clinical data.Format:
Complying with the forms used in actual data (e.g., artificial genetic sequences, DICOM-formatted synthetic pictures,
etc.).

Sample Datasets

MIMIC-III/-IV: An openly accessible critical care database that can be utilised for clinical and time-series data, comprising

de-identified health information from intensive care unit (ICU) patients.UK Biobank: A comprehensive genetic and health

database spanning half a million UK individuals that offers clinical, genetic, and lifestyle information.The comprehensive
information on cardiovascular procedures found in Stanford's STS Database may be utilised to obtain clinical and outcome
data.

CONCLUSION

To summarise, our research shows that the predictive accuracy of cardiovascular disease risk assessment can be greatly

improved by incorporating hybrid approaches that combine neural networks and gradient boosting machines with deep

learning models, such as CNNs for image analysis and RNNs for time-series data. Our models beat conventional machine
learning algorithms in important parameters like accuracy, sensitivity, and specificity as well as show enhanced robustness
thanks to the incorporation of many data sources and the use of GANSs for data augmentation. By reducing false positives
and negatives and improving clinical decision-making, this development eventually supports improved patient outcomes in
the treatment of cardiovascular disease.

FUTURE ENHANCEMENT

Future research should investigate the integration of multi-modal data into the predictive models, including proteomics,

genetic sequences, and real-time patient monitoring data, in order to further improve this study. To further enhance

model generalisation across heterogeneous populations, transfer learning could be implemented. Distributed computing
approaches could be used to handle enormous amounts of data in real-time applications, hence addressing the models'
scalability. Enhancing explainability methods to make sure the models not only make accurate predictions but also provide
comprehensible insights for physicians is another area of possible advancement. In order to confirm that the increased
predictive accuracy eventually results in better patient outcomes, a longitudinal research might be carried out to validate
the models in a clinical context.
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