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ABSTRACT 

Cardiovascular disease (CVD) is still one of the world's main reasons of mortality, imposing considerable burdens 

on healthcare systems and economies, and hence requiring timely and precise risk prediction for enhanced patient 

outcomes. The existing CVD risk assessment approaches, such as statistical models and traditional machine 

learning methods, have limitations like poor scalability, poor management of heterogeneous data, poor handling 

of timely processing, and weaknesses in data privacy, which hamper their seamless integration into clinical 

workflows. To bridge these loopholes, this study proposes a hybrid AI framework combining Deep Neural 

Networks (DNN) and XGBoost on a cloud-native platform that enables smooth processing of big data without 

causing non-compliance with security expectations. The originality of this approach is that it is a fusion of 

ensemble learning and deep learning within a cloud-based secure environment which allows for real-time model 

updating and individualized risk estimation. The experimental results determine greater predictive ability, 99.95% 

precision, F1 measure of 98.99%, and highly balanced values of recall and precision, considerably surpassing 

baseline models such as individual XGBoost, Random Forest and CNN-LSTM hybrids. The hybrid architecture 

demonstrates greater robustness, less false negative and higher clinical utility compared to existing methods. This 

advancement significantly enhances the feasibility of early diagnosis and facilitates scalability for deployment 

with flexibility across a variety of healthcare applications. Future research attempts to further minimize false 

negatives, include multimodal data sources, and enhance model interpretability. 
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1 INTRODUCTION 

Cardiovascular disease (CVD) has historically been a leading cause of death: An enormous burden on the human 

being, apart from burdening the healthcare system and the whole national economy [1]. With the increasing 

prevalence of CVD in a world growing older and increasingly sedentary, the earlier the diagnosis and treatment, 

the better [2]. It is very important to detect CVD early when possible so that medical treatment can be applied in 

sufficient time, hopefully preventing further progression of the disease, allowing for better chances of survival for 

the patients, and eventually reducing the worldwide death rate due to cardiovascular diseases [3]. 

The continuous creation of patient health data in expansion, increasingly more patient health data, and increased 

computing power have brought new healthcare approaches into the forefront [4]. Using AI and cloud computing 

promises to develop predictive analytics for healthcare applications [5]. They allow healthcare providers to use 

real-time analysis of large and diverse data sets to predict cardiovascular events with greater accuracy and 

efficiency than traditional methods [6]. AI-based healthcare systems, through large cardiovascular databases, are 

in a position to offer cardiovascular risk prediction with accuracy, scalability, and affordability, allowing for 
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proactive clinical decision-making [7]. The method is expected to improve patient outcomes and ease the load 

from healthcare systems through effective resource golfing and prevention strategies [8]. 

Various types of predefined models have assisted in cardiovascular risk evaluation throughout the years [9]. 

Established risk assessment models, such as the Framingham Risk Score, have been employed to determine the 

cardiovascular disease risks by including people of varying ages or with different cholesterol levels or even blood 

pressure levels [10]. Of course, more recently, the more complex and intelligent predictions have been offered by 

machine learning algorithms such as the Support Vector Machine (SVM) and Random Forest that learn patterns 

from huge datasets [11]. With that being said, however, deep learning models such as CNNs and LSTMs have 

become bigger players that take bigger datasets and detect common but highly-noticeable patterns missed by 

traditional methods [12]. 

Though promising results have been achieved with such methods, there exist challenges [13]. Chief among these, 

scalability happens to stand as an important limitation [14]. As the volume of health data grows, many of the 

traditional models and even some of the machine learning-based approaches are either incapable of processing or 

taking too long to do so [15]. Furthermore, the integration of these models into clinical workflows is a formidable 

barrier as these systems require specialized hardware, software, and training that canization be a strain on 

healthcare institutions, especially those poorly provided financially [16]. Some of these systems are, furthermore, 

yet to make their way into real-time processing, a must for timely decision-making in critical care settings [17]. 

Data privacy and security issues are also a major concern, especially with health data being highly sensitive and 

might come under very strict regulatory standards such as HIPAA in the United States or GDPR in Europe [18]. 

In spite of these challenges, the integration of AI and cloud computing within the healthcare domain has several 

potentials to change cardiovascular risk in terms of assessment and actual management [19]. The drawbacks of 

these traditional methods include scarcities in scaling and, to an extent, real-time processing-the AI-based cloud 

healthcare system might be offering on-the-fly cardiovascular risk assessment with more accuracy, timeliness, and 

personalization [20]. However, with respect to the increased focus on privacy and security of data, improvements 

in encryption, or decentralized storage of such data, will eventually provide solutions for all these issues [21]. As 

advancements keep evolving, these technologies can possibly transform cardiovascular care for better patient 

health, improved clinical workflows, and reduced cardiovascular disease load globally [22]. 

The proposed framework mitigates these limitations via the integration of hybrid AI models within cloud 

platforms for efficient processing and analysis of huge volumes of multi-source cardiovascular data. The system 

ensures scalability, security, and compliance with healthcare standards for easy sharing of data and collaborative 

learning. Its originality is the union of advanced machine learning methods with cloud-safe hosting for enabling 

perpetual model updating and individualized risk estimation. Such a method, apart from increasing prediction 

accuracy, also makes it easily accessible and flexible and fills basic loopholes in current cardiovascular predictive 

analysis. 

1.2 OBJECTIVES 

• Design a scalable AI-based cloud healthcare platform that efficiently handles cardiovascular data of large 

scale. 

• Enhance the predictive performance of cardiovascular disease risk based on hybrid AI models integrating 

deep neural networks and XGBoost. 

• Allow for real-time or near-real-time inference and prediction to support timely clinical decision-making. 

• Outperform existing solutions with the ability to enable heterogeneous, multi-source healthcare 

information aggregation and model updating in real-time. 

• Ensure data protection and privacy obligations compliance through secure cloud hosting and appropriate 

encryption mechanisms for healthcare data. 

• Enhance clinical usability and interoperability through a cloud-native architecture design that enables 

collaborative learning and seamless deployment within the healthcare environment. 

2 LITERATURE SURVEY 



Volume 19, Issue 3, 2023 

                             

 
 

23 

Cardiovascular diseases are the leading cause of mortality worldwide, making early diagnosis and risk 

management crucial [23]. Traditional diagnostic approaches are often reactive and limited by the lack of capacity 

to handle large-scale, heterogeneous data [24]. Artificial Intelligence (AI)-based predictive analytics using 

machine learning algorithms can help identify at-risk individuals and facilitate timely interventions [25]. 

AI can identify intricate patterns and associations beyond conventional means, using algorithms like decision 

trees, random forests, support vector machines, and neural networks [26]. These algorithms can detect minor 

cardiac defects and monitor vital vitals like heart rate variability, providing real-time risk analysis [27]. However, 

AI-powered solutions have disadvantages such as data privacy, algorithmic bias, and complex model explanations 

[28]. This broadsheet travels the connection of AI and big data in CVD prediction and management, highlighting 

potential pitfalls and providing solutions for transforming cardiovascular medicine [29] . 

Cardiovascular disease is the principal cause of deaths worldwide, predominantly in middle- and low-income 

countries [30]. Global primary and secondary prevention remain suboptimal, with more accentuated evidence-

practice gaps in these settings [31]. Patient-, health professional-, and health system-level barriers hamper optimal 

prevention[32]. Addressing modifiable conditions such as tobacco smoking and hypertension has the potential to 

reduce mortality significantly [33]. Emerging approaches involve tobacco control policies, reduced screening 

algorithm complexity, affordable treatment regimens, and health delivery [34]. This research discusses the request 

of AI for diabetes and kidney disease monitoring [35]. It employs predictive models with ML and DL. Its findings 

indicate the correctness in monitoring diseases improves notably, with its models having as high as 89.61% 

accuracy in diabetes and 97.5% in kidney disease [36]. This indicates the potential of AI in revolutionizing the 

healthcare sector in terms of its ability to make earlier diagnoses, timely interventions, and customized treatment 

plans, in the end leading to optimal delivery of healthcare and patient management [37]. 

The combination of the Internet of Things with the Cloud strengthens healthcare by allowing people and objects 

to be connected seamlessly [38]. Predictive analytics, fuelled by machine learning and artificial intelligence, turns 

reactive healthcare programs into proactive ones [39]. Deep learning enhances the correctness of predicting core 

disease danger founded on electronic medical records and cloud-based data [40]. The system is superior to existing 

smart heart disease prediction systems by 98.86% [41]. 

Predictive Analytics and AI for Personalized Treatment Plans in Genetic Heart Diseases discusses new approaches 

that connect the power of PA and AI toward revolutionize the diagnostic then treatment landscape of cardiac 

disease [42]. In this paper, we discuss how predictive analytics and AI can be used to create tailored therapies for 

inherited heart conditions [43]. We examine where genetic variation impacts the manifestation of disease and how 

conventional one-size-fits-all treatments come up short [44]. Data-driven insights, risk stratification and prediction 

power are only some of the ways predictive analytics will reshape the specialty [45]. They can provide customized 

treatment algorithms with even more accuracy than before by applying AI, which is able to mimic human intellect 

[46]. In this article, we are talking about the utility of genetic profiling and its use with machine learning 

algorithms to predict susceptibility to disease and response to treatment [47]. Legal and ethical consequences of 

the use of AI in medicine are also considered [48]. Our aim is to maintain the privacy and confidentiality of our 

patients, while the confidence of their patients will be guaranteed through privacy controls [49]. Predictive 

analytics and artificial intelligence are already starting to improve treatment of inherited heart conditions, as 

evidenced by case studies and testimonials [50]. Applications range from the diversity of genetic variations 

themselves, from pre-disease prediction to tailor-made pharmaceutical regimens and surgery [51]. Predictive 

analytics and artificial intelligence are coming together to transform how we approach inherited heart problems 

[52]. 

3 PROBLEM STATEMENT 

Cloud health platforms for CVD prediction powered by artificial intelligence have their limitations when used in 

practical medical atmospheres [53]. Outdated ML models, such as logistic reversion and decision trees, are 

generally bad at detecting the early stages of CVD [54]. Existing frameworks are not utilizing the application of 

advanced DL and ensemble methods, which can boost the accuracy of predictions [55]. Scalability is a key 

drawback, especially for non-cloud-optimized frameworks [56]. Privacy and data protection are generally lost due 
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to improper use of encryption techniques and standards non-adherence [57]. Batch-based models disrupt timely 

diagnosis and response, and most architecture fails to leverage multimodal health care data [58]. The combination 

of deep neural networks and XGBoost yields a high-precision, high-recall, high-AUC hybrid AI model that is 

cloud-native, end-to-end encrypted, and supports real-time inference [59]. 

4 METHODOLOGY 

End-to-end process of a deep neural network-based hybrid artificial intelligence system coupled with XGBoost. 

The procedure begins with data collection and then exposing it to preprocessing activities like normalization and 

determining key features. The prepared data is used for training the hybrid AI, followed by prediction and risk 

evaluation. The final process is ensuring data protection through the implementation of robust security controls 

and compliance practices, including encryption and protection of privacy. Figure 1: Work Flow Diagram. 

 

Figure: 1 Work flow diagram 

4.1 DATA COLLECTION 

Cardiovascular Disease dataset offers patient demographic, clinical, and lifestyle data to predict risk accurately. 

It's anonymized for patient privacy and utilizes AI models for precise prediction. 

4.2 PREPROCESSING 

Preprocessing of data includes handling missing values, eliminating noise, and normalizing features with methods 

like Min-Max scaling for ensuring consistency in the data and for facilitating model convergence. Relevant 

clinical and lifestyle features are also filtered using statistical and domain-based approaches for further increasing 

predictive accuracy and preventing overfitting. 

4.2.1 Normalization 

To maintain homogeneity and avoid bias caused by varying feature ranges, features are normalized or scaled, 

which typically includes Min-Max normalization to scale data back to 0,1 range. Convergence of the model is 

accelerated by this process, and accuracy is improved, as shown in eqn. (1). 

𝑥′ =
𝑥−𝑥min

𝑥max−𝑥min
               (1) 

were 𝑥 is the original value and 𝑥min, 𝑥max are the minimum and maximum values of the feature. 

4.3 HYBRID AI MODEL 

The hybrid AI architecture combines DNN-XGBoost to overcome the best from each technique, drawing 

nonlinear complex relationships, and enhancing classification robustness. The hybrid model is optimized and 

validated by cross-validation to maximize the presentation of measurement of correctness memory formerly AUC 

to make robust predictions on new cardiovascular data. Figure 2: Hybrid DNN-XGboost architecture diagram. 
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Figure 2:  Hybrid DNN-XGboost Architecture Diagram 

4.4 MODEL TRAINING 

Model training involves the ML algorithm learning toward detect patterns and relationships in a provided dataset 

through iteratively modifying its internal parameters. In training, the model discovers from the input data by 

reducing a specified loss function, which measures the discrepancy between the predicted outputs and the target 

output. Iterative optimization process enables model learn from training data and subsequently make the proper 

predictions on unseen, new data. Proper training of the model is key in achieving high performance and robustness 

so that the AI system can then reliably support decision-making tasks. 

4.5 PREDICTION AND RISK ASSESSMENT 

Prediction and Risk Evaluation applies the trained hybrid AI model to predict results from input data and 

determine risk associated with or likelihood of an adverse event. In your application, the process enables the 

system to make accurate predictions while providing potential risks, enabling informed decision-making. Through 

analysing model outputs, the framework determines high-risk cases or scenarios to be focused on and hence 

improves the reliability and applicability of the predictive system, as shown in eqn. (2). 

 Risk Score = 𝑃(𝑦 = 1 ∣ 𝐱) = 𝜎(𝑓(𝐱; 𝜃))             (

   

4.6 SECURITY AND COMPLIANCE 

Security and compliance are the techniques, norms, and technologies used to protect sensitive information and 

ensure the system is in accordance with right legal and regulatory standards for data protection and privacy. 

Encryption and privacy are important safeguards to protect sensitive information during the AI-driven prediction 

and risk analysis process Encryption offers assurance that all data collected and processed is safely encrypted and 

hence is not exposed to unauthorized parties during transmission and storage. Privacy controls such as 

anonymization of data and access controls ensure that personal or confidential data is processed in accordance 

with compliance, with little opportunity for data breach and ensuring user trust. All these mechanisms in aggregate 

ensure the integrity and confidentiality of the system, and the predictive framework is compliant and secure. 

4.7 CLOUD STORAGE 
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Cloud storage is essential for managing massive-scale healthcare data in AI-based cardiovascular disease 

prediction systems. It offers a flexible architecture that dynamically adjusts resource allocation according to 

demand, providing unbroken availability and high performance. The hybrid AI framework, incorporating deep 

neural networks and XGBoost, is compatible with scalable storage solutions, providing real-time data access and 

model updating. Cloud storage enables continuous retraining of models, improving the accuracy and resilience of 

predictions over time. Such an architecture is ensured to comply with healthcare regulations and minimize 

operational expenses, making it a scalable, cost-effective, and dependable foundation for sophisticated predictive 

healthcare analytics. 

5 RESULT AND DISCUSSION 

The research compares cardiovascular disease prediction models based on machine learning via precision, recall, 

accuracy, and F1 score. The hybrid DNN-XGBoost model performs better than current approaches such as 

XGBoost, Random Forest, and CNN-LSTM. With slight compromise of precision, the hybrid model has perfectly 

balanced prediction ability. Stability, generalization, and lack of overfitting of the model justify its applicability 

in clinics. Reduction of false negatives and enhancement of early diagnosis are potential future enhancements. 

5.1 Confusion Matrix 

The Hybrid DNN-XGBoost model demonstrates good diagnostic performance in cardiovascular disease 

prediction with 95 true positives and 99 true negatives. The model, though, does have a 5% FNR and 1% FNR. 

The correctness of the model is 97.5%, but this could be bettered by minimizing false negatives in order to improve 

early detection of life-threatening cardiac conditions. Optimization could be enhanced further for high-risk patient 

screening, Figure 3: represent the Confusion Matrix. 

 

Figure 3: Confusion Matrix. 

5.2 WORKING OUT VALIDATION ACCURACY ANDVALIDATION LOSS 

The working out of the hybrid DNN-XGBoost model is illustrated by graphs, indicating proper learning without 

overfitting and best stability. The accuracy of the model for tasks of cardiovascular disease prediction is attested 

to by symmetrical trends in training validation measures with a narrow gap among datasets, affirming its reliability 

in clinical application, Figure 4: represents the Training Validation Accuracy and Validation Loss. 



Volume 19, Issue 3, 2023 

                             

 
 

27 

 

Figure 4: Training Validation Accuracy and Validation Loss 

5.3 Comparison of Performance Metrics 

The comparison is made between four cardiovascular disease prediction models XGBoost, RF, CNN-

LSTM+KNN+XGB and Hybrid DNN-XGBoost. The hybrid model boasts higher accuracy and F1 score with RF 

boasting perfect recall reflecting trade-offs between models, Figure 5 represents the Comparison of Performance 

Metrics. 

 

 

Figure:5 Comparison of Performance Metrics 

5.4 CLASSIFICATION PREDICTION 

The research compares classical ML replicas for precise diagnosis of the risk of cardiovascular illness. The hybrid 

model DNN-XGBoost performs better than the classical models with an accuracy of 99.95% and F1 score of 

98.99%. It also has a high recall rate of 95%, reducing false negatives in clinical diagnosis. The misunderstanding 

medium confirms the strength of the perfect with 95 CNR, 99 TNR, a 5% FNR, and a 1% FNR that reflects its 

ability for early diagnosis and risk stratification. 

Table 1: Cardiovascular Disease Prediction 



Volume 19, Issue 3, 2023 

                             

 
 

28 

 

Table 1 shows the chart compares the performances of various ML replicas for predicting cardiovascular illness 

and emphasizes some key metrics such as accuracy, precision, recall, and F1 score. The XGBoost model of [29] 

yields high values (accuracy of 98.50% and 98.71 F1), while the Random Forest (RF) approach of [30] does well 

in recall (100%). The CNN-LSTM + KNN + XGB hybrid model in [31] suggests comparable performance (~91-

92% for all metrics). Surprisingly, the introduced hybrid DNN-XGBoost model has better reliability prediction 

accuracy (99.95%) and F1 score (98.99%) than existing algorithms while only marginally less accurate (87%). 

This shows its promise for high CVD risk. 

6 CONCLUSION AND FUTURE WORK 

The study introduces a hybrid cloud healthcare framework that leverages DNN and XGBoost for precise and 

scalable cardiovascular illness risk prediction. The perfect posts a correctness of 99.95%, an F1 notch of 98.99%, 

and a recall rate of 95%. It tackles issues such as heterogeneous data management, real-time inference, and privacy 

compliance. The framework enhances early diagnosis, minimizes false negatives, and increases clinical 

applicability. Future research will concentrate on reducing false negatives, extending to multimodal data fusion, 

and enhancing model interpretability. 
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