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ABSTRACT

Background: Cardiovascular diseases remain the leading cause of morbidity and mortality world-wide. Traditional risk
scores, although widely used, rely on a limited number of linearly weighted variables and may perform poorly in
heterogeneous populations. The growing availability of multimodal data, including electronic health records, imaging,
wearable-device data, and omics, has increased interest in artificial intelligence (AI) for more individualized cardiovascular
risk prediction.

Objective: This narrative review examines the current role of Al in cardiovascular disease prediction, with particular
attention to model performance, methodological limitations, validation standards, and barriers to clinical implementation.
Methods: A structured narrative review of peer-reviewed literature published up to December 2025 was conducted. Targeted
searches in PubMed, IEEE Xplore, and Scopus were supplemented by queries of clinical trial registries and
regulatory/health-technology assessment sources. The synthesis prioritizes external validation, calibration, implementation
science, health-economic evaluation, and equity considerations.

Results: Recent evidence suggests that machine learning and deep learning models may achieve better discrimination than
conventional clinical risk scores, with pooled area under the curve values often reported in the range of 0.85 to 0.87.
However, the literature is marked by substantial heterogeneity, inconsistent calibration reporting, limited external validation,
and underuse of time-to-event modeling approaches. These weaknesses reduce reproducibility and hinder safe translation
into routine practice.

Conclusions: Al has considerable potential to improve cardiovascular risk prediction, but clinical adoption requires stronger
methodological rigor, prospective validation, recalibration strategies, trans-parent reporting, and evaluation of ethical,
organizational, and economic consequences.
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Artificial Intelligence, Cardiovascular Disease, Risk Prediction, Machine Learning, Implementation Science, External
Validation
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1. Introduction

Cardiovascular diseases maintain their position as the leading cause of mortality worldwide, accounting
for an estimated 18 million deaths annually and imposing an escalating socio-economic burden on global
healthcare infrastructure (Cai et al., 2024a). For decades, the cornerstone of primary prevention has been the
utilization of standardized clinical risk algorithms, such as the Framingham Risk Score, the European
SCORE2, QRISK3, and the American College of Cardiology/American Heart Association pooled cohort
atherosclerotic cardiovascular disease risk equations (Cai et al., 2024a). While foundational, these traditional
statistical models are mathematically constrained.

They depend predominantly on a limited array of clinical variables—typically age, sex, smoking status,
systolic blood pressure, and circulating lipid profiles—evaluated through logistic regression or Cox
proportional-hazards models (Cai et al., 2024a). Consequently, these models assume linear relationships and
proportional hazards, fundamentally limiting their capacity to capture the complex, synergistic, and highly
individualized pathophysiological trajectories characteristic of an aging, multi-morbid, and multiethnic global
population (Cai et al., 2024a).

Concurrently, the digitalization of modern healthcare has generated a vast reservoir of multimodal, high-
dimensional patient data. High-resolution electronic health records capture nuanced longitudinal clinical
encounters; advanced cardiac imaging techniques yield precise anatomical and functional metrics; consumer
wearable devices stream continuous physiological telemetry; and multi-omics platforms provide deep genomic
and proteomic profiling (Cai et al., 2024a). Traditional risk assessment paradigms lack the computational
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flexibility required to integrate and derive actionable insights from such diverse data structures without
resorting to prohibitive dimensionality reduction (Cai et al., 2024a).

Artificial intelligence, encompassing the broad subfields of machine learning and deep learning, offers
the advanced computational architecture necessary to harness this complexity (Cai et al., 2024a). Modern
algorithmic approaches possess the capacity to dynamically elucidate non-linear interactions across vast
parameter spaces, facilitating highly precise and individualized prognostic insights (Liu et al., 2025). However,
a profound translational chasm exists.

While predictive algorithms frequently exhibit exceptional discriminatory accuracy within the
controlled confines of localized, retrospective datasets, their transition into routine clinical workflows has been
plagued by failures in external generalizability, severe calibration drift, and a conspicuous absence of rigorous
implementation frameworks (Cai et al., 2024a).

This narrative review is structured to directly address these translational deficiencies. By meticulously
synthesizing algorithmic theory, multimodal data integration strategies, validation hierarchies, and real-world
deployment case studies, this report provides a comprehensive, actionable blueprint for researchers, clinicians,
and healthcare administrators seeking to navigate the complex frontier of cardiovascular artificial intelligence.

2. Positioning Relative to Existing Systematic Literature

The rapid proliferation of artificial intelligence applications in cardiology has recently catalyzed the
publication of several rigorous systematic reviews and meta-analyses. To properly contextualize the scope,
necessity, and unique contribution of this narrative review, it is imperative to explicitly position its
methodology and objectives against the prevailing quantitative literature published between 2022 and 2025.

Recent systematic evaluations have exhaustively quantified the aggregate discriminatory performance
of machine learning models. Liu et al. (2025) conducted a landmark systematic review and random-effects
meta-analysis evaluating machine learning-based cardiovascular disease prediction utilizing electronic health
record data. By analyzing 32 machine learning models alongside 26 conventional statistical models, the authors
reported robust pooled area under the curve metrics: 0.865 for Random Forests and 0.847 for deep learning
architectures, which significantly outperformed the 0.765 metric associated with traditional risk algorithms
(Liu et al., 2025). However, the critical insight from Liu et al. (2025) was not the raw performance superiority,
but rather the underlying statistical instability. The meta-analysis revealed extreme heterogeneity (1>>99%)
across all model subgroups and identified substantial publication bias, leading the authors to conclude that
pervasive methodological variability currently precludes widespread clinical applicability (Liu et al., 2025).

Similarly, Teshale et al. (2024) systematically reviewed artificial intelligence models specifically
engineered for time-to-event outcomes in cardiovascular risk prediction, screening over 20,000 records to
evaluate 486 distinct models. Their synthesis illuminated a profound methodological flaw within the literature:
despite the inherently longitudinal nature of cardiovascular risk, a vast majority of studies erroneously apply
static classification algorithms to right-censored survival data. While models such as Random Survival Forests
and DeepSurv demonstrated optimal capabilities for handling temporal data, they remain critically
underutilized (Teshale et al., 2024).

While these systematic reviews deliver indispensable quantitative synthesis regarding algorithmic
discriminatory performance, their strict methodological parameters inherently preclude the exploration of
qualitative, highly contextual clinical implementation dynamics. Systematic methodologies are optimized to
pool diagnostic accuracy; they are fundamentally ill-equipped to synthesize unstructured insights regarding
hospital workflow integration, the nuanced application of ethical frameworks, the theoretical architecture of
digital twins, or the intricate health-economic realities of real-world deployment (Wu et al., 2025).

This review purposefully adopts a comprehensive narrative methodology to explicitly target the
translational and implementation gaps left unexamined by recent meta-analyses. By acknowledging the
quantitative superiority of machine learning as established by Liu et al. (2025) and Teshale et al. (2024), this
report pivots to the operational mechanics of deployment.
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3. Methodology

This article was conceived as an exhaustive narrative review, executing a structured but non-systematic
literature search strategy. The primary objective is to provide a clinically oriented, implementation-focused
synthesis of contemporary artificial intelligence methodologies in cardiovascular risk prediction.
Consequently, the methodology was designed to capture a broad spectrum of multidisciplinary literature,
spanning biomedical informatics, clinical cardiology, implementation science, and bioethics, rather than to
deliver a redundant quantitative meta-analysis.

A comprehensive literature search was conducted across principal academic databases, including
PubMed, IEEE Xplore, and Scopus, to identify original research articles, pivotal clinical trials, and theoretical
frameworks. The temporal scope of the search covered foundational work from 2017 onwards, with emphasis
on high-impact literature published between 2020 and December 2025. Core search syntax utilized Boolean
operators to combine concepts such as "machine learning," "deep learning," "survival analysis,"
"cardiovascular disease,” "risk prediction," "calibration," "cost-effectiveness," "algorithmic bias," and
"implementation science."

To address the documented deficit in real-world validation, clinical trial registries (e.g.,
ClinicalTrials.gov) were queried to identify prospective evaluations of artificial intelligence tools in
cardiovascular medicine. The review explicitly incorporates data from large-scale implementations, health-
economic evaluations, and regulatory clearances (such as FDA 510(k) and De Novo pathways).

Eligibility criteria were deliberately broad to reflect the narrative, implementation-focused scope of the
review. Included records were: (i) peer-reviewed English-language articles or major society statements; (ii)
studies evaluating AI/ML methods for cardiovascular risk prediction, screening, diagnosis, prognostication,
calibration, or deployment; and (iii) prospective trials, pragmatic evaluations, or real-world implementation
studies where available. Excluded records were: non-cardiovascular applications, purely technical papers
without clinical context, and opinion pieces lacking a clear evidentiary basis. When commercial tools were
discussed, priority was given to independent peer-reviewed evaluations rather than vendor material.

Because the included studies encompass highly heterogeneous data modalities, endpoints, and
deployment environments—a heterogeneity mathematically confirmed by recent meta-analyses (Liu et al.,
2025)—mno novel pooling of statistical data or de novo meta-analysis was performed. Instead, the review relies
on a descriptive synthesis of previously reported pooled metrics, directing analytical rigor toward critical
evaluation, conceptual framework development, and the synthesis of actionable deployment strategies.

4. Algorithmic and Statistical Foundations

To evaluate, procure, and safely deploy artificial intelligence tools, cardiovascular practitioners and
health system leaders must cultivate a robust foundational understanding of underlying algorithmic
architectures, the critical importance of feature engineering, and the profound impact of hyperparameter
optimization. An algorithm cannot be treated as a monolithic "black box"; its internal mechanics dictate its
clinical vulnerability (Cai et al., 2024a).

4.1 Ensemble Learning and Gradient Boosting Mechanics

For structured, tabular clinical data—encompassing laboratory values, anthropometric measurements,
and codified diagnostic histories extracted from electronic health records—ensemble learning methods
consistently represent the state-of-the-art in predictive modeling. Algorithms such as Random Forests and
Extreme Gradient Boosting (XGBoost) operate by constructing an aggregate consensus from a multitude of
individual decision trees (Yang & Guan, 2022).

XGBoost has achieved particular prominence in cardiovascular risk prediction literature due to its highly
efficient gradient descent architecture. Unlike Random Forests, which build independent trees simultaneously,
XGBoost builds trees sequentially; each subsequent tree is specifically mathematically optimized to minimize
the residual loss function (the error) of the preceding ensemble (Yang, 2022). However, the clinical utility of
XGBoost is entirely dependent on rigorous hyperparameter tuning. A model deployed with default software
parameters will almost inevitably overfit the training cohort, memorizing statistical noise rather than true
physiological signal.

Key hyperparameters include the learning rate (1), which controls the magnitude of the step taken during
optimization to prevent premature convergence; the maximum tree depth, which dictates the complexity of
multi-variable interactions the model is permitted to learn; and the subsample ratio, which introduces vital
stochasticity by training trees on random fractions of the dataset (Yang, 2022). The application of L, and L,
regularization terms within the objective function further prevents overfitting by mathematically penalizing
excessive model complexity, a crucial safeguard when analyzing high-dimensional electronic health record
data (Yang, 2022).
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4.2 Deep Learning Architectures and Sequential Modeling

While tree-based ensemble methods dominate tabular data analysis, deep learning architectures are
mandatory for the ingestion of unstructured and high-dimensional modalities. Convolutional Neural Networks
utilize hierarchical layers of spatial filters to autonomously extract latent predictive features from cardiac
imaging. Without requiring manual human segmentation, these networks identify patterns such as non-
calcified plaque vulnerability on computed tomography angiography or detect subtle indicators of left
ventricular systolic dysfunction from the raw waveform arrays of standard 12-lead electrocardiograms (Cai et
al., 2024a) (see Figure 1).

Input Conv + RelU Pooling Conv + RelU Fully Qutput
(ECG / Image) (filters) (downsample) (deeper) Connected Risk / Class

Fig. 1. Standard architecture of a convolutional neural network (CNN).

Note. Author-created schematic illustrating convolutional feature extraction, pooling, and fully
connected classification layers.

Furthermore, the longitudinal nature of cardiovascular disease necessitates algorithms capable of
modeling temporal trajectories. Traditional machine learning often flattens patient history into a single cross-
sectional snapshot, losing the critical context of time (Teshale et al., 2024). Recurrent Neural Networks,
particularly Long Short-Term Memory architectures, and the increasingly dominant Transformer models, are
explicitly engineered to process electronic health record data as a chronological sequence (Cai et al., 2024a).
These architectures learn to assign dynamic "attention" weights to specific clinical events over time.

By recognizing the temporal proximity of a sudden decrement in estimated glomerular filtration rate
following the initiation of an antihypertensive regimen, or tracking the progressive widening of a QRS complex
over years, sequential models capture the dynamic evolution of risk far more accurately than static
classification (Teshale et al., 2024).

4.3 Feature Engineering and the Handling of Missing Data

In cardiovascular machine learning, the adage "garbage in, garbage out" governs ultimate clinical
efficacy. Feature engineering involves the meticulous transformation of raw clinical data into a
computationally actionable matrix. A primary challenge in electronic health record research is data
missingness, which in clinical medicine is rarely missing completely at random. The absence of a specific
biomarker measurement, such as a high-sensitivity troponin, carries profound diagnostic information—it
implies the attending physician did not suspect acute myocardial ischemia based on the patient's presentation
(Cai et al., 2024b).

Rudimentary strategies, such as mean or median imputation for missing values, corrupt the dataset by
artificially dampening variance and obscuring these clinical realities. Methodologically rigorous models
address missingness through advanced techniques such as multivariate imputation by chained equations, or by
utilizing algorithms like XGBoost, which are engineered to autonomously learn optimal default splitting
directions for missing nodes during the training phase (Yang, 2022).
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5. Multimodal Data Integration Architecture

The true transformative potential of artificial intelligence resides in its unparalleled capacity for
multimodal data fusion. Modern predictive architectures transcend the limitations of baseline clinical
characteristics by simultaneously integrating inherited genomic susceptibility, real-time proteomic expression,
and high-fidelity anatomical imaging into a cohesive prognostic framework.

5.1 Genomic Susceptibility and Polygenic Risk

Genome-Wide Association Studies have mapped tens of thousands of variant-trait associations
intricately linked to cardiovascular phenotypes (Cai et al., 2024a). Polygenic risk scores aggregate the weighted
effects of hundreds of thousands, or even millions, of single nucleotide polymorphisms into a singular,
quantifiable metric of inherited cardiovascular susceptibility. Integrating polygenic risk scores into machine
learning models significantly enhances discriminatory accuracy, particularly in identifying covert risk. For
example, the addition of a coronary artery disease polygenic risk score to standard clinical variables allows
algorithms to identify early-stage dysregulation in lipid metabolism—frequently linked to loci such as PCSK9Y,
LDLR, and LP4—shifting the preventive window to much younger populations before traditional phenotypic
risk factors have manifested (Cai et al., 2024a).

5.2 Dynamic Proteomics and High-Dimensional Biomarkers

While genomics define the baseline architectural susceptibility, circulating biomarkers capture the
dynamic, real-time pathophysiological state of the cardiovascular system. Artificial intelligence models are
increasingly incorporating high-throughput proteomic signatures. Platforms utilizing aptamer-based
(SOMAscan) or antibody-based (Olink) multiplex assays can quantify thousands of circulating proteins
simultaneously, capturing diverse physiological vectors including systemic inflammation, endothelial
activation, myocardial stress, and coagulation cascades (Cai et al., 2024a).

5.3 Advanced Cardiac Imaging and Waveform Analysis

Deep learning has fundamentally restructured the diagnostic yield of routine cardiac testing. As
previously noted, convolutional neural networks applied to standard 12-lead electrocardiograms can detect
subtle electrical manifestations of asymptomatic left ventricular dysfunction, predict paroxysmal atrial
fibrillation events from mobile or ambulatory ECG data, and support earlier identification of hypertrophic
cardiomyopathy long before clinical symptoms prompt echocardiographic evaluation (Cai et al., 2024a; Yao
et al., 2021; Raghunath et al., 2023; Desai et al., 2025). In advanced imaging, artificial intelligence evaluation
of coronary computed tomography angiography automates the rigorous quantification of high-risk
non-calcified plaque volumes and estimates fractional flow reserve directly from anatomical scans. This
provides clinicians with immediate, critical hemodynamic context regarding lesion severity without the
inherent risks and costs of invasive coronary angiography (Meder et al., 2025).

6. Validation Hierarchies and the Calibration Imperative

The most critical methodological vulnerability exposed in the contemporary cardiovascular artificial
intelligence literature is the disproportionate, almost exclusive focus on discrimination at the severe expense
of calibration and external validation (Cai et al., 2024a). To safely deploy algorithms in human healthcare,
statistical rigor must extend far beyond the area under the curve.

6.1 The Criticality of Algorithmic Calibration

Discrimination, typically quantified by the area under the receiver operating characteristic curve (AUC)
or the C-statistic, measures a model's ability to correctly rank patients. For example, it confirms whether a
patient who ultimately experiences a myocardial infarction was assigned a higher risk score than a patient who
did not (Van Calster et al., 2019). Conversely, calibration measures the absolute accuracy of the predicted
probabilities. If a machine learning model predicts a 15% ten-year risk of a major adverse cardiovascular event
for a specific cohort of patients, exactly 15 out of 100 such patients must statistically experience the event
(Luu et al., 2024).

Highly discriminative machine learning models, particularly complex neural networks and
unregularized tree ensembles, frequently exhibit severe miscalibration. They often systematically overestimate
risk in healthy, low-risk populations, or conversely, underestimate risk in highly diseased clusters (Luu et al.,
2024). In clinical practice, miscalibration is not merely a statistical artifact; it is directly harmful.

e-ISSN: 2544-9435 6



1(49) (2026): International Journal of Innovative Technologies in Social Science

Overestimation leads to aggressive over-prescription of statins, unnecessary invasive testing, induced
iatrogenic harm, and the artificial inflation of healthcare expenditures. Underestimation results in fatal missed
opportunities for preventive intervention (Van Calster et al., 2019).

Evaluating calibration necessitates the generation of visual calibration plots—plotting the predicted
probabilities against the observed event frequencies across deciles of risk—accompanied by robust statistical
metrics such as the Hosmer-Lemeshow goodness-of-fit test, the Brier score, and the careful assessment of the
calibration slope and intercept (Luu et al., 2024).

6.2 Recalibration Protocols for Clinical Transferability

When a predictive algorithm is transferred from its native development environment to a new hospital
system, underlying demographic shifts, variations in baseline disease prevalence, and differences in laboratory
measurement protocols invariably degrade calibration (Davis et al., 2020). Consequently, machine learning
algorithms must undergo rigorous recalibration protocols prior to local deployment.

While simple logistic regression models can often be effectively recalibrated by merely updating the baseline
intercept to reflect the local population’s disease incidence, complex machine learning classifiers require advanced
mathematical recalibration. Techniques such as Platt scaling (fitting a logistic regression model to the raw output
scores of the machine learning classifier) or isotonic regression (fitting a non-decreasing, free-form line to align
predicted probabilities with actual outcomes) are essential steps to ensure the algorithm provides safe, accurate
probability estimates tailored to the local clinical demographic (Luu et al., 2024).

6.3 Implementing a Rigorous Validation Hierarchy

A recent systematic evaluation utilizing the newly developed Independent Validation Score (IVS)
determined that of 486 cardiovascular artificial intelligence models analyzed, a staggering 95% were not
recommended for independent external validation due to severe risks of bias and a lack of methodological
transparency, and only approximately 2% were deemed robustly replicable (Cai et al., 2024a). To combat this
reproducibility crisis, algorithms must be assessed against a stringent, standardized validation hierarchy before
any clinical integration is considered.

7. Real-World Implementation and Clinical Case Studies

The expansive chasm between in-silico algorithmic validation and tangible clinical utility can only be
bridged through the rigorous application of implementation science. Prospective trials and real-world clinical
deployments illuminate both the transformative potential and the profound logistical friction of cardiovascular
artificial intelligence.

Case Study 1: AI-ECG for Left Ventricular Dysfunction (EAGLE Trial, Mayo Clinic)

Clinical Context: Left ventricular ejection fraction (LVEF) <50% represents a common, treatable
condition that may remain clinically silent until an acute decompensation event occurs. Routine
echocardiography for population-wide screening is financially and logistically prohibitive; therefore, low-cost
opportunistic screening strategies are attractive (Yao et al., 2021).

Implementation Strategy: Researchers trained a convolutional neural network on millions of standard
12-lead electrocardiograms to detect covert electrical signatures associated with low LVEEF, achieving an area
under the curve exceeding 0.90 in retrospective validation. In the pragmatic EAGLE trial, this tool was
embedded directly into the electronic health record system. The software proactively alerted primary care
clinicians when a routine electrocardiogram indicated high likelihood of low LVEF, prompting referral for
confirmatory echocardiography (Yao et al., 2021).

Outcomes and Economic Impact: In the EAGLE trial, clinical decision support increased new diagnoses
of low LVEF compared with usual care. A subsequent health-economic evaluation demonstrated favorable
cost-effectiveness, reporting an incremental cost-effectiveness ratio (ICER) of $27,858 per quality-adjusted
life year (QALY) overall and $1,651 per QALY in outpatient settings, driven by the low marginal cost of
software execution and the prevention of expensive heart-failure admissions (Thao et al., 2024).
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Case Study 2: AI-ECG (Viz-HCM) for the Detection of Hypertrophic Cardiomyopathy

Clinical Context: Hypertrophic cardiomyopathy is the most prevalent inherited cardiovascular disease
and remains underdiagnosed due to subtle or nonspecific early presentations. Delayed recognition can
contribute to preventable morbidity, including sudden cardiac death in susceptible individuals (Patel et al.,
2025; Lewontin et al., 2025).

Implementation Strategy: An AI-ECG module (Viz-HCM) was deployed in routine clinical operations to
continuously analyze standard electrocardiograms and flag patients with a high predicted probability of
hypertrophic cardiomyopathy, thereby creating a standardized trigger for confirmatory work-up (Desai et al., 2025).

Outcomes and Equity Impact: In a prospective, real-world deployment, the system flagged 1,265 patients for
review and enabled 63 new diagnoses of hypertrophic cardiomyopathy among individuals with no prior HCM
diagnosis (Desai et al., 2025). Retrospective analysis suggested that AI-ECG could identify some patients more than
a year prior to their clinical diagnosis, with lead times up to 16.3 years. Subgroup analyses further indicated
differential diagnostic timing across ethnic groups, highlighting both existing inequities in usual care and the
potential for AI-ECG to provide earlier benefit to underserved populations (Lewontin et al., 2025).

Case Study 3: Endeavour Al for Population Risk Management (Singapore)

Clinical Context: Optimizing population-level cardiovascular health requires dynamic, community-wide
resource allocation rather than static, intermittent annual screening of individual patients (Meder et al., 2025).

Implementation Strategy: The Singapore National University Health System integrated an array of
predictive machine learning algorithms into a live, operational clinical dashboard designated "Endeavour AL"
This system continuously ingests real-time electronic health record data to stratify and monitor cardiovascular
risk factors across the entire community (Meder et al., 2025).

Outcomes and Operational Impact: Rather than functioning solely as a point-of-care diagnostic tool for
individual patients, Endeavour Al dictates macro-level healthcare operations. It empowers the health system to
preemptively scale medical resources, optimize outpatient scheduling, and precisely target educational and
interventional programs toward high-risk community clusters, effectively transitioning the healthcare system from
reactive disease treatment to proactive population health management (Meder et al., 2025).

Case Study 4: AI Heart Murmur Detection in Low-Income Settings (Rural Brazil)

Clinical Context: Cardiovascular disease mortality is disproportionately severe in resource-limited and
rural settings where access to standard echocardiography and expert cardiologists is severely constrained,
highlighting a critical global health disparity (Krones & Walker, 2024).

Implementation Strategy: A sophisticated Bayesian ResNet (BBRes) architecture was engineered to
analyze digital phonocardiograms (recorded heart sounds) to automate the detection of pathological murmurs. The
system integrated overlapping log mel spectrograms with baseline demographic data utilizing XGBoost, aiming to
empower frontline nurses to make accurate triage decisions at the point of care (Krones & Walker, 2024).

Challenges and Implementation Lessons: While theoretically robust and highly accurate in training,
real-world deployment in rural Brazil exposed severe infrastructural realities. The model struggled
significantly with out-of-distribution generalization due to unpredictable variations in ambient background
noise and patient habitus common in rural field clinics (Krones & Walker, 2024). Furthermore, deployment
was critically hampered by unreliable electrical grids, poor internet connectivity precluding cloud-based
processing, and a highly fragmented supply chain for the maintenance of digital stethoscopes. This case vividly
illustrates a fundamental tenet of implementation science: without robust physical infrastructure and user-
centered design, highly advanced algorithms are rendered clinically inert (Krones & Walker, 2024).
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8. Implementation Frameworks and Health Economics

To systematically address the translational barriers highlighted by the aforementioned case studies,
healthcare organizations must abandon ad-hoc deployment strategies and adopt structured implementation
science frameworks.

8.1 The NASSS-AI Deployment Framework

The Non-adoption, Abandonment, Scale-up, Spread, and Sustainability (NASSS) framework provides
a highly validated, evidence-based scaffolding for evaluating the readiness of artificial intelligence deployment
in healthcare (Greenhalgh et al., 2017; Abimbola et al., 2019). By rigorously applying the NASSS-AI
framework, healthcare administrators can transition the institutional mindset from asking "Is this algorithm
mathematically accurate?" to the far more critical question: "Is this healthcare system operationally prepared
to deploy this algorithm safely?" (Greenhalgh et al., 2017; Abimbola et al., 2019).

8.2 Health Economics and Regulatory Alignment

For artificial intelligence to achieve widespread adoption, it must demonstrate unambiguous cost-
effectiveness. Recent systematic health-economic evaluations indicate that artificial intelligence-based
screening strategies are generally cost-saving (dominant) or highly cost-effective compared to standard care
(Wu et al., 2025). However, these analyses are highly sensitive to the underlying prevalence of disease in the
screened population, the cost of the software licensing, and, crucially, the downstream costs of the confirmatory
tests triggered by the artificial intelligence alert (Wu et al., 2025).

Simultaneously, deployment must navigate evolving regulatory landscapes. In the United States, the
Food and Drug Administration regulates these tools under the Software as a Medical Device (SaMD)
framework, requiring rigorous proof of mitigating bias and improving algorithmic robustness, having cleared
over 50 cardiovascular tools via the 510(k) and De Novo pathways (Armoundas et al., 2024). In Europe, the
EU AI Act imposes stringent requirements on high-risk medical systems, mandating continuous post-market
surveillance and uncompromising data privacy standards under the General Data Protection Regulation (Meder
et al., 2025). The American Heart Association explicitly advocates for the formulation of governing
architectures that not only meet these regulatory baselines but actively protect individual rights and promote
public benefit (Armoundas et al., 2024).

9. Systematic Ethical Framework and Algorithmic Equity

The rapid acceleration of artificial intelligence in cardiology introduces profound ethical, legal, and
societal implications. Without proactive, systemic mitigation, artificial intelligence systems run the severe risk
of hardcoding historical health inequities into automated, highly efficient decision-making pathways (Cai et
al., 2024a).

9.1 A Taxonomy of Algorithmic Bias in Cardiology

Algorithmic bias in cardiovascular medicine is rarely the result of intentional, malicious discrimination;
rather, it is a dangerous byproduct of skewed historical data generation, inequitable access to care, and the reliance
on unexamined proxy variables. To systematically dismantle bias, it must be categorized. For example, polygenic
risk models trained predominantly on European-ancestry genomic databases perform poorly in individuals of
African or Asian descent, necessitating federated learning to source multi-ethnic global data (Patel et al., 2025).
Similarly, pulse oximetry systemically overestimates oxygen saturation in darker-pigmented skin, requiring the
recalibration of physical sensors to ensure equitable accuracy (Sufian et al., 2024).

9.2 Integrating Social Determinants and Patient Perspectives

To achieve true equity, prediction models must evolve to formally incorporate Social Determinants of
Health (SDOH)—such as zip code-level deprivation indices, socioeconomic status, and healthcare access
metrics—as primary predictive features rather than ignoring them as confounding noise (Armoundas et al.,
2024). The American Heart Association emphasizes that incorporating measures of deprivation into
optimization models is a foundational best practice for improving cardiovascular risk scores (Armoundas et
al., 2024).

Furthermore, the integration of artificial intelligence should prioritize patient perspectives and shared
decision-making. The utilization of explainable Al techniques, such as SHAP (SHapley Additive exPlanations)
or LIME (Local Interpretable Model-agnostic Explanations), can help deconstruct complex neural network
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outputs and provide clinicians with ranked, individualized feature-importance summaries. This transparency
can support clinician—patient communication about why a risk estimate is elevated, maintaining trust and
positioning artificial intelligence as an augmentative decision-support tool rather than an autonomous,
unquestionable oracle (Armoundas et al., 2024).

10. Emerging Paradigms and a Novel Conceptual Framework

As the field matures, the intersection of advanced computational techniques and structural biology is forging
entirely new paradigms for cardiovascular care, specifically federated learning and the advent of digital twins.

10.1 Federated Learning Architectures

The dual imperatives of maximizing algorithmic training diversity (to reduce bias) and ensuring strict
patient data privacy (to comply with regulations like HIPAA and GDPR) present a structural paradox.
Federated learning is a promising approach to this trade-off. In a federated ecosystem, raw patient electronic
health record data never leaves the firewalls of the host hospital. Instead, a global, untrained algorithmic model
is transmitted to participating local institutions, updated on-site, and only model parameters are shared back
for aggregation.

The model is trained locally on proprietary data, and only the updated mathematical parameters (the
gradients) are transmitted back to the central server for aggregation (Cai et al., 2024a). This decentralized
paradigm allows for the creation of universally robust models that learn from millions of diverse patients
globally, entirely bypassing the regulatory and ethical hazards of centralized data pooling.

10.2 Cardiovascular Digital Twins

The convergence of artificial intelligence, computational fluid dynamics, and multimodal multi-omics
data has catalyzed the development of Cardiovascular Digital Twins. A digital twin is a high-fidelity, highly
personalized in-silico mathematical replica of an individual patient's cardiovascular system (Cai et al., 2024a).
By continuously updating this simulation with real-time telemetry from wearable sensors, periodic proteomic
assays, and serial imaging, artificial intelligence algorithms can dynamically simulate the physiological
outcomes of various pharmacological or surgical interventions.

10.3 The Dynamic Multimodal AI Deployment Framework

Synthesizing the insights generated throughout this review, we propose an original, integrative
conceptual model for the future of cardiovascular Al: The Dynamic Multimodal Al Deployment Framework.
This framework conceptualizes Al not as a static diagnostic tool, but as a continuous, cyclical ecosystem
consisting of four pillars:

1. Diverse Data Ingestion: Utilizing federated learning to continuously and securely ingest multimodal
data (EHR, genomics, imaging) across global populations to eradicate training bias.

2. Sequential Algorithmic Processing: Deploying Transformer architectures and survival forests to
analyze the temporal trajectory of disease, moving beyond cross-sectional classification.

3. Rigorous Clinical Validation: Mandating automated, continuous background recalibration and
requiring Level 3 (External) or Level 4 (Prospective) validation prior to deployment.

4. Actionable Clinical Integration: Delivering insights through explainable interfaces (SHAP)
directly into the electronic health record, guided by the NASSS-AI framework, to empower shared decision-
making and ensure measurable health-economic value.

11. Conclusions

Artificial intelligence possesses the technical capacity to fundamentally transform the paradigm of
cardiovascular disease prediction. By exploiting the unprecedented richness of multimodal data—fusing
continuous clinical telemetry, advanced anatomical imaging, dynamic proteomics, and foundational genomic
susceptibility—machine learning architectures offer prognostic precision that far exceeds the rigid
mathematical constraints of traditional statistical modeling. As comprehensively demonstrated by recent
systematic literature, algorithms such as Random Forests and Deep Survival networks consistently achieve
superior discriminatory accuracy, identifying covert risk factors and redefining personalized prevention.

However, the realization of this immense potential relies entirely on overcoming severe, systemic
implementation barriers. The current academic landscape is saturated with highly discriminative but
dangerously miscalibrated algorithms that lack the methodological transparency and statistical rigor required
for safe clinical integration. Moving forward, the cardiovascular community must execute a decisive shift in
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focus from the theoretical pursuit of marginal gains in area under the curve metrics to the rigorous, practical
application of implementation science.

To successfully transition from in-silico promise to clinical reality, future efforts must mandate
systematic recalibration protocols and prioritize independent, multi-center external validation. Clinical
deployments must be meticulously orchestrated utilizing established structural frameworks, such as NASSS-
Al, to ensure workflow compatibility, infrastructural readiness, and demonstrable health-economic value.
Furthermore, an uncompromising commitment to global health equity—achieved through the systematic
eradication of algorithmic bias, the integration of social determinants of health, and the application of federated
learning—is paramount. By aligning sophisticated algorithmic architectures with stringent ethical governance
and transparent implementation strategies, artificial intelligence will transition from a highly published
research novelty into an indispensable, lifesaving pillar of modern cardiovascular medicine.

Author Contributions

Conceptualization: Maciej Tomasz Wieczorek, Jeremi Leon Jasinski, Kamila Teresa Kanska.
Methodology: Aleksandra Maria Tomaszewska, Anna Krzysztofik.

Software: Alicja Maria Mitan, Weronika Napierata.

Validation: Karolina Julia Hak, Karolina Krawczyk.

Formal Analysis: Karolina Magda Leszczynska, Maciej Tomasz Wieczorek.

Investigation: Jeremi Leon Jasinski, Kamila Teresa Kanska, Aleksandra Maria Tomaszewska.
Resources: Anna Krzysztofik, Alicja Maria Mitan.

Data Curation: Weronika Napierata, Karolina Julia Hak.

Writing — Original Draft:Maciej Tomasz Wieczorek, Jeremi Leon Jasinski

Writing — Review & Editing:Maciej Tomasz Wieczorek, Jeremi Leon Jasinski, Anna Krzysztofik.
Visualization: Kamila Teresa Kanska, Aleksandra Maria Tomaszewska, Karolina Krawczyk
Supervision: Alicja Maria Mitan, Weronika Napierata,

Project Administration: Karolina Julia Hak, Karolina Krawczyk, Karolina Magda Leszczynska.

All authors have read and agreed to the published version of the manuscript.

Conflict of Interest Statement: The authors declare no conflicts of interest.

Declaration of the Use of Generative Al and Al-Assisted Technologies in the Writing Process: In
preparing this work, the authors used ChatGPT for the purpose of improving language clarity and structural
organization. After using this tool, the authors critically reviewed and edited the content and take full
responsibility for the final version of the manuscript.

REFERENCES

1. Abimbola, S., Patel, B., Peiris, D., Patel, A., Harris, M., Usherwood, T., & Greenhalgh, T. (2019). The NASSS
framework for ex post theorisation of technology-supported change in healthcare: Worked example of the
TORPEDO programme. BMC Medicine, 17(1), 58. https://doi.org/10.1186/s12916-019-1463-x

2. Armoundas, A. A., Narayan, S. M., Arnett, D. K., Spector-Bagdady, K., Bennett, D. A., Celi, L. A., Friedman, P.
A., Gollob, M. H., Hall, J. L., Kwitek, A. E., Lett, E., Menon, B. K., Sheehan, K. A., & Al-Zaiti, S. S. (2024). Use
of artificial intelligence in improving outcomes in heart disease: A scientific statement from the American Heart
Association. Circulation, 149(14), €1028—¢1050. https://doi.org/10.1161/CIR.0000000000001201

3. CaiY,,Cai Y.-Q., Tang, L.-Y., Wang, Y.-H., Gong, M., Jing, T.-C., Li, H.-J., Hu, W., Zhang, Z.-W., Zhang, X.,
& Zhang, G.-W. (2024a). Artificial intelligence in the risk prediction models of cardiovascular disease and
development of an independent validation screening tool: A systematic review. BMC Medicine, 22(1), 56.
https://doi.org/10.1186/s12916-024-03273-7

4. Cai, Y.-Q., Gong, D.-X., Tang, L.-Y., Cai, Y., Li, H.-J., Jing, T.-C., Gong, M., Hu, W., Zhang, Z.-W., Zhang, X., &
Zhang, G.-W. (2024b). Pitfalls in developing machine learning models for predicting cardiovascular diseases:
Challenge and solutions. Journal of Medical Internet Research, 26, e47645. https://doi.org/10.2196/47645

5. Davis, S. E., Greevy, R. A, Jr., Lasko, T. A., Walsh, C. G., & Matheny, M. E. (2020). Detection of calibration drift
in clinical prediction models to inform model updating. Journal of Biomedical Informatics, 112, 103611.
https://doi.org/10.1016/5.jbi.2020.103611

6. Desai, M. Y., Jadam, S., Abusafia, M., Rutkowski, K., Ospina, S., Gaballa, A., Sultana, S., Thamilarasan, M., Xu,
B., & Popovic, Z. B. (2025). Real-world artificial intelligence-based electrocardiographic analysis to diagnose
hypertrophic cardiomyopathy. JACC: Clinical Electrophysiology, 11(6), 1324-1333.
https://doi.org/10.1016/j.jacep.2025.02.024

e-ISSN: 2544-9435 11



1(49) (2026): International Journal of Innovative Technologies in Social Science

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Lewontin, M., Kaplan, E., Bilchick, K. C., Barber, A., Bivona, D., Kramer, C. M., Parrish, A., McClean, K., Thomas,
M., Perry, A., Amos, K., & Ayers, M. (2025). Advanced diagnosis of hypertrophic cardiomyopathy with AI-ECG
and differences based on ethnicity and HCM subtype. Journal of Clinical Medicine, 14(13), 4718.
https://doi.org/10.3390/jcm14134718

Thao, V.,Zhu, Y., Tseng, A. S., Inselman, J. W., Borah, B. J., McCoy, R. G., Attia, Z. 1., Lopez-Jimenez, F., Pellikka,
P. A., Rushlow, D. R., Friedman, P. A., Noseworthy, P. A., & Yao, X. (2024). Cost-effectiveness of artificial
intelligence-enabled electrocardiograms for early detection of low ejection fraction: A secondary analysis of the
electrocardiogram artificial intelligence-guided screening for low ejection fraction trial. Mayo Clinic Proceedings:
Digital Health, 2(4), 620-631. https://doi.org/10.1016/j.mcpdig.2024.10.001

Greenhalgh, T., Wherton, J., Papoutsi, C., Lynch, J., Hughes, G., A'Court, C., Hinder, S., Fahy, N., Procter, R., &
Shaw, S. (2017). Beyond adoption: A new framework for theorizing and evaluating nonadoption, abandonment, and
challenges to the scale-up, spread, and sustainability of health and care technologies. Journal of Medical Internet
Research, 19(11), e367. https://doi.org/10.2196/jmir.8775

Krones, F., & Walker, B. (2024). From theoretical models to practical deployment: A perspective and case study of
opportunities and challenges in Al-driven cardiac auscultation research for low-income settings. PLOS Digital
Health, 3(12), e0000437. https://doi.org/10.1371/journal.pdig.0000437

Liu, T., Krentz, A. J.,, Lu, L., & Curcin, V. (2025). Machine learning based prediction models for cardiovascular
disease risk using electronic health records data: Systematic review and meta-analysis. Furopean Heart Journal -
Digital Health, 6(1), 7-22. https://doi.org/10.1093/chjdh/ztac080

Luu, J. H., Borisenko, E., Przekop, V., Patil, A., Forrester, J. D., & Choi, J. (2024). Practical guide to building
machine learning-based clinical prediction models using imbalanced datasets. Trauma Surgery & Acute Care Open,
9(1), e001222. https://doi.org/10.1136/tsaco-2023-001222

Yao, X., Rushlow, D. R., Inselman, J. W., McCoy, R. G., Thacher, T. D., Behnken, E. M., Bernard, M. E., Rosas,
S. L., Akfaly, A., Misra, A., Molling, P. E., Krien, J. S, Foss, R. M., Barry, B. A., Siontis, K. C., Kapa, S., Pellikka,
P. A., Lopez-Jimenez, F., Attia, Z. 1., ... Noseworthy, P. A. (2021). Artificial intelligence-enabled electrocardiograms
for identification of patients with low ejection fraction: A pragmatic, randomized clinical trial. Nature Medicine,
27(5), 815-819. https://doi.org/10.1038/s41591-021-01335-4

Meder, B., Asselbergs, F. W., & Ashley, E. (2025). Artificial intelligence to improve cardiovascular population
health. European Heart Journal, 46(20), 1907-1916. https://doi.org/10.1093/eurheartj/ehaf125

Patel, D., Kantamneni, R., John, J. D., Patel, T., Shukla, A., Salma, A., & Anand, N. (2025). Artificial intelligence
in cardiology: An updated systematic review with ethical considerations and challenges in implementing artificial
intelligence models. Annals of Medicine, 57(1), 2415132. https://doi.org/10.1080/07853890.2024.2415132

Sufian, M. A., Alsadder, L., Hamzi, W., Zaman, S., Sagar, A. S. M. S., & Hamzi, B. (2024). Mitigating algorithmic
bias in Al-driven cardiovascular imaging for fairer diagnostics. Diagnostics, 14(23), 2675.
https://doi.org/10.3390/diagnostics 14232675

Teshale, A. B., Htun, H. L., Vered, M., Owen, A. J., & Freak-Poli, R. (2024). A systematic review of artificial
intelligence models for time-to-event outcome applied in cardiovascular disease risk prediction. Journal of Medical
Systems, 48(1), 68. https://doi.org/10.1007/s10916-024-02087-7

Van Calster, B., McLernon, D. J., van Smeden, M., Wynants, L., & Steyerberg, E. W. (2019). Calibration: The
Achilles heel of predictive analytics. BMC Medicine, 17(1), 230. https://doi.org/10.1186/s12916-019-1466-7
Raghunath, A., Nguyen, D. D., Schram, M., Albert, D., Gollakota, S., Shapiro, L., & Sridhar, A. R. (2023). Artificial
intelligence-enabled mobile electrocardiograms for event prediction in paroxysmal atrial fibrillation.
Cardiovascular Digital Health Journal, 4(1), 21-28. https://doi.org/10.1016/j.cvdhj.2023.01.002

Wu, W.-T., Chao, Y.-W., Lin, T.-K., Huang, C.-K., & Hsieh, P.-H. (2025). Economic evaluation of Al-assisted
technologies in healthcare: A systematic review. Journal of Food and Drug Analysis, 33(4), 487-500.
https://doi.org/10.38212/2224-6614.3570

Yang, J., & Guan, J. (2022). A heart disease prediction model based on feature optimization and Smote-Xgboost
algorithm. Information, 13(10), 475. https://doi.org/10.3390/info13100475

Yang, J. C. (2022). The prediction and analysis of heart disease using XGBoost algorithm. In 2022 IEEE
International  Conference on Information Technology and Engineering (ICITE) (pp. 151-156).
https://doi.org/10.1109/ICITE56321.2022.10047570

e-ISSN: 2544-9435 12



