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Objectives: This scoping review synthesizes literature on the integration of large-scale data analytics for cardiovascular dis-
ease (CVD) prediction, aiming to provide insights that support the adoption of predictive analytics for improved prevention
and early detection in healthcare. Methods: Searches were conducted in Medline (PubMed), EBSCO, Google Scholar, and
Wiley Online Library. Medical Subject Headings (MeSH) search terms included: large-scale data, big data, cardiovascular
diseases, prediction, machine-learning algorithms, artificial intelligence, and mortality. The search covered the period from
2020 to 2024. Results: Of 262 retrieved articles, 16 were included. Three main themes were identified: large-scale data analy-
sis techniques and machine-learning algorithms; applications of machine-learning algorithms and artificial intelligence in
predicting cardiovascular diseases; and the role of integrating large-scale data in disease prediction to improve the quality of
care. Conclusions: While machine learning provides considerable opportunities for predicting CVD outcomes, limitations
remain. Machine-learning approaches are not always the most appropriate option, particularly in basic research where causal
relationships between variables may be more critical than optimized predictions. To ensure fair and effective healthcare out-
comes, issues related to bias, data quality, ethical concerns, and practical implementation must be addressed. Overcoming
these challenges will require interdisciplinary collaboration, methodological refinement, and further research.
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l. Introduction
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Globally, cardiovascular disorders account for the highest
number of deaths [1]. As part of the epidemiological transi-
tion, they have become the fourth-leading cause of death,
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(https://orcid.org/0000-0003-0848-5615) mortality rates [2]. Consequently, cardiovascular diseases
have overtaken infections, also referred to as communicable
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disease (IHD) is now the leading cause of death worldwide
and in Western developed and industrialized nations [4].
Large-scale data analytics enable the integration, analysis,


http://crossmark.crossref.org/dialog/?doi=10.4258/hir.2025.31.4.331&domain=pdf&date_stamp=2025-10-31

Salam Bani Hani and Muayyad M. Ahmad

and interpretation of massive datasets from diverse sources,
thereby transforming both clinical practice and cardio-
vascular disease (CVD) research [5]. For instance, natural
language processing can extract unstructured electronic
health record (EHR) data, such as clinical notes, to enhance
risk stratification models, while geospatial analytics can link
CVD prevalence to environmental exposures. The Fram-
ingham Heart Study has been extensively used in predictive
analytics to refine risk scores such as the atherosclerotic car-
diovascular disease (ASCVD) score by incorporating demo-
graphic and lifestyle factors [6,7].

A review study by Traina et al. [8] focusing on the Middle
East and North Africa reported that CVD is the leading
cause of death in Arab countries, accounting for 14.3% of
cases. Younger adults in this region showed significantly
higher rates of myocardial infarction (MI) presentation com-
pared with global averages [9]. The study also highlighted el-
evated prevalence rates of established risk factors, including
diabetes, hypertension, hyperlipidemia, smoking, obesity,
and sedentary lifestyles.

The high prevalence of cardiovascular diseases underscores
the need for comprehensive and standardized guidelines to
support accurate diagnosis and effective treatment [10,11].
Several diagnostic methods are available, ranging from non-
invasive procedures such as electrocardiography and exercise
stress testing to invasive techniques including blood tests
and cardiac catheterization [12].

Large-scale data analysis in CVD prediction involves the
processing of complex datasets, such as genetic profiles,
medical imaging, EHR, and wearable device monitoring. Ar-
tificial intelligence approaches—including machine learning
(ML) and deep learning—are employed to facilitate early di-
agnosis, stratify patient risk, and identify novel risk factors.

The terms “large-scale data” and “big data” are closely
related, both referring to the collection, processing, and
analysis of vast datasets from heterogeneous sources [13,14].
Their overlap lies in the shared objective of generating valu-
able insights to inform decision-making, with big data often
serving as the foundation for large-scale data analysis in
domains such as healthcare, finance, and technology [15]. In
this review, the two terms are used interchangeably. Impor-
tantly, the integration of large-scale data analytics in disease
prediction represents a transformative advance in healthcare,
offering the potential to improve patient outcomes [13,16].

Several studies have demonstrated that combining mul-
tiple categories of input data, rather than relying on single-
domain data, enhances the predictive performance of CVD
models [17,18]. The most accurate models typically integrate
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data from most or all categories, particularly within ML or
deep learning frameworks. These models often achieve ar-
eas under the curve (AUCs) exceeding 0.90 in retrospective
validations, though they also pose challenges related to data
integration, missingness, and interpretability [4,19].

By leveraging big data, healthcare providers can generate
more accurate predictions regarding disease onset, progres-
sion, and patient-specific risk factors. This facilitates earlier
interventions and supports more personalized care strategies
[20,21]. This scoping review synthesizes existing evidence
on large-scale data analytics in CVD prediction, identifies
research gaps, guides future investigations, informs clinical
practice, and supports policy development, thereby advanc-
ing precision medicine and improving patient care.

Il. Methods

1. Protocol and Registration

This scoping review followed the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA) Ex-
tension for Scoping Reviews guidelines. The protocol for this
study was registered with the Open Science Framework on
September 9, 2024 (https://osf.io/9xty2/).

2. Search Strategy

A comprehensive literature search was conducted for studies
published between 2020 and 2025. The following databases
were searched: Medline (PubMed), EBSCO, Google Scholar,
and Wiley Online Library. Medical Subject Headings (MeSH)
search terms included: large-scale data, big data, ischemic
heart diseases, prediction, ML algorithms, artificial intel-
ligence (AI), and mortality. Boolean operators “AND” and
“OR” were applied to combine terms, which allowed for
refining the search. The initial search was performed on Au-
gust 1, 2024, and the final search on October 6, 2024.

3. Inclusion and Exclusion Criteria

The inclusion criteria were as follows: (1) English-language
publications; (2) focus on the use of Al for CVD prediction
to improve healthcare outcomes; (3) mixed-method, quali-
tative, or quantitative research designs; and (4) publication
between 2020 and 2024. Exclusion criteria were studies un-
related to AI in CVD prediction or healthcare outcomes, as
well as editorials, letters, reports, non-English publications,
and research published prior to 2020.

4. Study Selection
A total of 242 articles were retrieved from electronic data-
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bases, and 20 additional records were identified from other
sources. After 50 duplicates were removed, 75 articles were
excluded following title and abstract screening for relevance,
language, publication year, and connection to CVD. During
full-text review, 37 articles were excluded because they were
non-research publications (e.g., editorials, letters, or reports)
or did not address large-scale data use. Ultimately, 16 articles
were included in the final review (Figure 1).

5. Data Collection

The Johns Hopkins Nursing Evidence-Based Practice Re-
search Appraisal Tool was used to evaluate each publication
for relevance [22]. Team members discussed disagreements
regarding study eligibility in scheduled meetings. Patterns
and conclusions emerging from the included studies were
deliberated by the research team.

6. Risk of Bias in Individual Studies

The methodological quality of selected papers was inde-
pendently assessed using the Quality Checklist for the
Assessment Tool (QAT) developed by Thomas et al. [23]
and adapted from the Effective Practice of Public Health

Large-Scale Data Analytics and CVD

(EPHPP). The QAT checklist evaluates six domains: selec-
tion bias, study design, control for confounding, data collec-
tion, blinding, and management of dropouts or withdrawals.
Each domain was rated as 1 = strong, 2 = moderate, 3 =
weak, or NA = not applicable. A summary of scores is pro-
vided in Table 1.

7. Synthesis of Results
The authors analyzed data, identifying discrepancies and en-
suring consistency across included studies.

I1l. Results

1. Risk of Bias within Studies

The EPHPP QAT checklist was applied to evaluate the qual-
ity of the selected studies. All studies met the objectives of
this review and achieved strong ratings across the six evalua-
tion categories.

2. Study Characteristics
A total of 16 studies published between 2020 and 2024 were
included, as noted previously. All articles addressed large-
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Figure 1. Preferred Reporting Items
for Systematic Reviews and
Meta-Analyses flow chart.
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Table 1. Effective Public Health Practice Project (EPHPP) quality assessment (n = 16)

Study Sele.ction Stu.dy Control of Blinding coIII):cttaion Withdrawal Analysis
bias design confounders method and dropout
Leopold et al. [40] NA 1 NA NA 1 NA 1
Krittanawong et al. [42] NA 1 NA NA 1 NA 1
Lietal. [24] 1 1 1 NA 1 NA 1
Adedinsewo et al. [48] 1 1 1 NA 1 NA 1
Kresoja et al. [41] NA 1 NA NA 1 NA 1
Hani & Ahmad [13] 1 2 1 2 1 2 1
Hani et al. [4] 1 1 1 NA 1 1 1
Hani et al. [25] 1 2 1 1 1 1 1
Dai et al. [45] NA 1 NA NA 1 NA 1
Huang et al. [32] NA 1 NA NA 1 NA 1
Subramani et al. [27] 1 1 1 NA 1 NA 1
Muthulakshmi & Parveen [26] 1 1 NA NA 1 NA 1
Khdair [31] 1 1 NA 1 1 NA 1
Hossain et al. [28] 1 1 1 1 1 NA 1
Liu et al. [29] 1 1 NA 1 1 NA 1
Dorraki et al. [30] 1 1 1 1 1 1 1

Each domain was rated as 1 = strong, 2 = moderate, 3 = weak, or NA = not applicable.

scale data or big data used to predict CVD through ML and
Al Four articles were published in 2023 (22.2%), three in
2022 (16.6%), and two each in 2020, 2021, and 2022 (11.1%
per year). Five studies were published in 2024 and 2025
(3.6%). A summary of study characteristics is presented in
Table 2.

3. Results of Individual Studies

1) Large-scale data analysis techniques and ML algorithms
Big data generated from sources such as the internet, mo-
bile applications, social networks, biomedical records, and
patient health data represents a vast and complex volume
of information that is difficult to manage using traditional
methods. Novel analytic techniques emphasize velocity, ve-
racity, and volume.

Li et al. [24] evaluated the variance between statistical and
ML methods in predicting CVD risk at both individual and
population levels. Their results showed significant varia-
tion in model performance, particularly among high-risk
patients. Reported differences between QRISK3 and neural
networks ranged from -23.2% to 0.1%, underscoring the
need for further research. Similarly, studies by Hani and
Ahmad [13,25] predicting IHD in men and women demon-
strated that the Chi-squared Automatic Interaction Detectin
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(CHAID) model improved accuracy and led to a higher
AUC.

Similarly, a study performed by Muthulakshmi and Parveen
[26] employed experimental methods to identify relevant
predictive features for CVD. Their evaluation showed that
the Regularized Principal Components and Quadratic
Weighted Entropy Boosting (RPC-QWEB) approach con-
sistently outperformed traditional learning methods across
multiple performance measures. Compared with benchmark
approaches, RPC-QWEB achieved gains of 3% in accuracy
and 5% in sensitivity, along with reductions of 7% in predic-
tion time and 29% in error rate.

2) ML algorithms and AI for predicting CVDs

Subramani et al. [27] conducted a study analyzing data from
internet of things devices. Their research demonstrated that
artificial neural network structures, when trained on data
from multiple medical institutions, achieved 96% accuracy
and robust results across several metrics.

Hossain et al. [28] addressed CVD prediction in a lower-
middle-income country (LMIC), where CVD is a growing
cause of mortality. Their work highlighted the importance
of context-specific datasets for improving generalizability
across diverse populations. By comparing multiple classi-
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fiers, they provided a comprehensive evaluation of model
performance, showing that ensemble approaches such as
random forest can enhance accuracy by combining weak
learners.

A meta-analysis study by Liu et al. [29] reviewed 22 studies
published between 2010 and 2024 that used ML models with
EHR data for predicting CVD risk over 5-10 years. They
compared algorithms such as gradient boosting machine,
support vector machines (SVM), and convolutional neural
networks against traditional risk scores like QRISK3 and
ASCVD. Their results showed that ML consistently outper-
formed conventional scores, with gradient boosting machine
achieving a pooled AUC of 0.89 (95% confidence interval
[CI], 0.85-0.92). Another study performed by Dorraki et al.
[30] analyzed data from the UK Biobank (n = 375,145) to
examine the contribution of psychological variables, such
as mental health disorders, in ML-based CVD prediction.
Their ensemble approach combined decision tree, random
forest, extreme gradient boosting (XGBoost), SVM, and
deep neural networks, tested both with and without psycho-
logical factors. The inclusion of psychological data improved
the AUC from 0.82 to 0.87, with XGBoost demonstrating
the best performance. This novel focus on mental health ad-
dresses a significant gap in conventional CVD risk models,
which typically exclude psychological determinants despite
their bidirectional relationship with CVD. The large sample
size and use of the UK Biobank increased statistical power
and generalizability, while the ensemble strategy leveraged
the strengths of multiple algorithms to enhance predictive
accuracy.

Khdair [31] conducted a comparative analysis evaluating
various ML methods for forecasting cardiac arrest episodes
based on clinical data. The study found that SVMs provided
the best overall predictive performance, as determined by
multiple evaluation metrics.

Similarly, Huang et al. [32] highlighted current advance-
ments in the use of digital health for CVD, emphasizing Al
applications in wearable data-driven model development, di-
agnosis, and prognosis. Their study underscored the growing
role of wearable technologies in generating high-frequency;,
real-world data to improve cardiovascular risk assessment.

In another study, Muthulakshmi and Parveen [26] identi-
fied relevant features for CVD prediction using ML tech-
niques. Their RPC-QWEB approach outperformed conven-
tional learning methods across a wide range of performance
metrics. Compared with benchmark models, RPC-QWEB
achieved 3% and 5% improvements in accuracy and sensitiv-
ity, along with reductions of 7% in prediction time and 29%

342  www.e-hir.org
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in error rate. Simulation results confirmed that the method
outperforms traditional learning approaches across multiple
evaluation matrices. The authors emphasized that future
work should focus on optimizing ML and deep learning
strategies to achieve faster and more accurate cardiac disease
prediction. They also recommended expanding performance
assessment to include additional measures such as the F1-
score and false positive rate.

Across the reviewed literature, CVD prediction models
demonstrated diverse clinical objectives. The prediction of
major adverse cardiac events was the most commonly target-
ed endpoint, particularly in asymptomatic populations [33].
Other models, often incorporating imaging or biomarker
data, focused on outcomes such as hospitalization for heart
failure, onset of atrial fibrillation, or progression of coronary
artery disease [34,35]. More advanced models sought to
predict short-term outcomes, including 30-day readmission
or in-hospital mortality following acute coronary syndrome
[36]. A smaller but growing body of research has targeted
cardiovascular-specific and all-cause mortality, using longi-
tudinal data to stratify long-term risk. Clearly defining these
outcomes is essential, as the endpoint directly determines a
model’s clinical utility, whether in long-term management,
acute event prediction, or early screening.

To conclude, models predict IHD using large-scale data
and ML displayed varying levels of accuracy, sensitivity, and
specificity. Their strengths and limitations depend largely on
the type of data employed and the specific clinical context.

3) Role of integrating large-scale data in disease prediction
to improve quality of care

Healthcare organizations increasingly employ large-scale

data analytics and advanced technologies to enhance clinical

outcomes and reduce costs [37]. ML is becoming embedded

in daily medical practice and holds the potential to signifi-

cantly transform modern medicine [38].

Large-scale data encompasses enormous and continuously
expanding information streams, including digital signals,
text, images, and videos [39]. Analyzing such data requires
high computational capacity and advanced analytical tech-
niques such as component analysis, latent semantic analysis,
and dimensionality reduction.

A systematic review conducted by Leopold et al. [40] rec-
ommended leveraging big data with advanced methods such
as network analysis to elucidate genotype—endophenotype-
CVD relationships, as advocated in network medicine. This
integration could help explain heterogeneity in cardiovascu-
lar disease presentation and outcomes. Conversely, Kresoja

https://doi.org/10.4258/hir.2025.31.4.331
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et al. [41] aimed to explain fundamental ideas as well as the
risks associated with applying these techniques, emphasizing
the need to equip physicians and researchers with a clear un-
derstanding of MDs limitations. Their study reported that al-
though ML provides substantial opportunities for predicting
CVD outcomes, it also introduces challenges and potential
drawbacks that must be carefully managed.

IV. Discussion

The studies included in this review highlighted the role of
large-scale data in predicting CVD and improving healthcare
outcomes. Four studies demonstrated the critical contribu-
tion of ML and Al in predicting CVD using big data and in
building evidence-based management strategies for invasive
procedures such as catheterization [31,40-42]. Similarly, four
studies identified the CHAID algorithm and SVM as among
the most accurate models for predicting CVD, yielding the
highest accuracy and AUC across different target popula-
tions [13,25,31].

Analytics leverage real-world data from EHR, insurance
claims, and wearable devices to assess treatment outcomes
and comparative effectiveness in diverse CVD populations.
For example, causal inference models employing propensity
score matching adjust for confounding factors in observa-
tional data, thereby generating insights into treatment effects
beyond controlled clinical trials [43]. In addition, Armoun-
das et al. [44] emphasized that developing tractable, cost-
effective AI- and ML-based precision medicine requires the
establishment of implementation science frameworks. These
frameworks must embed strategies to minimize bias and
enhance generalizability to ensure that AI/ML tools do not
perpetuate existing healthcare disparities but instead gener-
ate evidence that can be validated in clinical trials.

Three studies demonstrated the range of technological ap-
proaches available for predicting CVD, including simulation
results for the RPC-QWEB method, which consistently out-
performs traditional learning approaches. Future research
should aim to forecast cardiac disease efficiently using ML
and deep learning techniques that improve predictive per-
formance while reducing processing time. Broader evalu-
ation metrics, such as the Fl-score and false positive rate,
should also be incorporated [24,32,45]. Hossain et al. [28]
underscored the importance of developing ML models for
resource-limited settings, thereby addressing gaps in West-
ern-centric CVD literature. While their work highlighted the
adaptability of ML to local datasets, it also revealed a lack of
interpretability analyses tailored to clinical needs. Similarly,

Vol. 31 @ No.4 e October 2025
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Liu et al. [29] through their meta-analysis, demonstrated
that ML consistently outperforms traditional risk scores in
clinical applications but noted significant barriers to clini-
cal adoption and stressed the need for continued systematic
reviews. Dorraki et al. [30] advanced the field further by
integrating mental health variables into predictive models,
offering a more holistic approach to CVD prediction. Their
findings align with precision medicine goals by tailoring
risk assessment to individual psychological profiles, though
validation across diverse populations remains necessary for
broader applicability.

Some studies emphasized that while ML presents many op-
portunities, it also has notable limitations. ML approaches
may not always be optimal, particularly in basic research
contexts where identifying causal relationships is more valu-
able than maximizing predictive accuracy.

AT and ML are increasingly improving CVD research by
analyzing EHR, cardiac imaging, and genetic datasets, yet
challenges such as high-dimensional signals and imbalanced
data remain [46]. Despite these barriers, ML algorithms have
significantly improved the accuracy of automated diagnosis
in cardiac imaging, and Al-driven risk prediction systems
have shown promise in patient stratification for early inter-
vention [13,47]. Additionally, wearable and remote moni-
toring devices provide continuous, individualized cardio-
vascular data, enabling proactive patient management [48].
Ongoing research seeks to refine these tools by enhancing
transparency, generalizability, and clinical utility in real-
world settings [4].

Large-scale data analytics contributes to CVD research by
uncovering insights from complex datasets and supporting
clinical practice through personalized, real-time, predictive
tools. At the same time, it raises challenges related to ethics,
technical implementation, and healthcare equity.

The integration of big data improves risk identification,
facilitates early intervention, and enables personalized treat-
ment strategies. ML algorithms detect patterns in patient
data, while large-scale data integration enhances decision-
making through wearables and telemedicine platforms, sup-
porting remote monitoring and early detection of adverse
events [49].

CVD development is shaped by interactions among so-
cioeconomic factors, lifestyle, environment, and genetics.
Large-scale data analytics continues to struggle in fully
capturing these multidimensional relationships, making the
creation of a universal CVD detection model difficult due to
population-specific differences in risk factors.

Overall, this review examined the use of large-scale data
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analysis techniques and ML algorithms for predicting CVD,
highlighting the value of integrating these technologies to
improve healthcare quality. Nevertheless, issues such as bias,
data quality, ethical implications, and practical deployment
demand cross-disciplinary collaboration, continuous refine-
ment, and further research.
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