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Abstract

Cardiovascular diseases remain the leading cause of global morbidity and mor-
tality. Validated risk scores are the basis of guideline-recommended care, but
most scores lack the capacity to integrate complex and multidimensional data.

Limitations inherent to traditional risk prediction models and the growing bur-
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go beyond conventional paradigms. Artificial intelligence and machine learning
(ML) provide unique opportunities to refine cardiovascular risk assessment and
surveillance through the integration of diverse data types and sources, includ-

ing clinical, electrocardiographic, imaging and multi-omics derived data. In fact,
ML models, such as deep neural networks, can handle high-dimensional data
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1 | INTRODUCTION

Cardiovascular diseases (CVDs) caused an estimated 17.9
million deaths, equal to one-third of all fatal events world-
wide.! Traditional cardiovascular risk prediction models,
such as the Framingham, SCORE-2/OP, ASCVD, GRACE
2.0 and CHA,DS,-VA scores, rely on unidimensional pre-
dictors, perform well in certain populations but are lim-
ited in integrating complex, multidimensional data—a
necessity to capture the intricacy of overall cardiovascu-
lar risk. In an era of improved risk factor control, residual
cardiovascular risk (RR) emerges as an important player
in the prevention of major adverse cardiovascular events
(MACE).? For instance, contemporary randomized con-
trolled trials (RCTs) have made remarkable inroads into
anti-inflammatory strategies targeting NLRP3-related
pathways,” with low-dose colchicine now entering the
clinical arena®® and interleukin antibodies being tested in
phase III studies.’

Although several approaches for the control of single
cardiovascular risk factors exist, actionable tools to signifi-
cantly reduce RR remain an unmet medical need. Indeed,
the inter-individual variability of RR is considerable, ' to
which multiple interrelated factors contribute. Several
traditional risk stratification tools for the improvement
of secondary prevention exist, including but not limited
to the SMART risk score, which estimates 10-year RR in
patients with stable atherosclerotic cardiovascular disease
(ASCVD)," and the EUROASPIRE model, providing a 2-
year risk estimate for recurrent events in atherosclerotic
patients.'!

Artificial intelligence (AI) is superior in processing
large-scale datasets and is expected to transform cardiovas-
cular research and patient care at large. The relationship
between AI, machine learning (ML) and deep learning
(DL) is like Russian nesting dolls (Graphical Abstract),

through which phenotyping and cardiovascular risk assessment across diverse
patient populations become much more precise, fostering a paradigm shift to-
wards more personalized care. Here, we review the role of ML in advancing car-
diovascular risk assessment and discuss its potential to identify novel therapeutic
targets and to improve prevention strategies. We also discuss key challenges in-
herent to ML, such as data quality, standardized reporting, model transparency
and validation, and discuss barriers in its clinical translation. We highlight the
transformative potential of ML in precision cardiology and advocate for more per-
sonalized cardiovascular prevention strategies that go beyond previous notions.

artificial intelligence, biomarkers, cardiovascular disease, inflammation, machine learning,
omics, precision medicine, residual risk, risk prediction

with each concept being contained within the next. Al
represents the broadest level, enabling decision-making
and pattern recognition. ML, a subset of Al, involves al-
gorithms that can learn from data, allowing algorithms to
make predictions or classifications without explicit pro-
gramming with increasing precision over time. Within
ML, DL is a specialized field that leverages multi-layered
(by definition, exceeding three layers) neural networks,
ideally suited to process complex data like image and lan-
guage recognition. In its core, neural networks consist of
interconnected nodes mimicking brain neuron activity,
enabling these models to capture intricate data patterns
and relationships.'* As compared to traditional models,
ML-based approaches can process multidimensional data,
thereby providing a more adaptable and comprehensive
framework for personalized risk assessment. Here, we syn-
thesize ML applications in cardiovascular risk assessment
and discuss their potential to reduce overall RR.

2 | ML IN CARDIOVASCULAR
RISK ASSESSMENT

The integration of ML with clinical, electrocardiographic
(ECG), imaging and multi-omics data enhances cardiovas-
cular risk prediction, facilitating tailored clinical decision-
making (Figure 1).

2.1 | ML for ECG interpretation

By harnessing DL models, specifically deep neural
networks (DNNs) and convolutional neural networks
(CNNs) on ECG data, the detection of arrhythmias and
the screening for structural heart diseases can be fa-
cilitated. For instance, Hannun et al. developed a DNN

85UB017 SUOWILLIOD SAIERID 3ot |dde ay) Aq peusenob ale sapie VO 85N J0 Sa|NI o} ARIq1T 8Ul|UO AB|1/M UO (SUOTIPUOD-PpUe-SWLBIALOD A8 1M Aleaq Ul |uo//:SdNy) SUoRIpUOD pue swie | 81 8eS *[6Z02/60/ST] Uo Afediauljuo 48| eAoue 1 1pnis 11Bea AlsieAlun - afeieqieon A 2T00L 199/TTTT 0T/I0p/L0d A8 | Akeiq 1 puljuo//sdny Wwol popeojumoqd ‘TS ‘5202 ‘Z982S9ET



‘WANG ET AL.

WILEY-22™

accuracy

Improve predictive or diagnostic

Genomics

Metabolomics Omics ‘
Proteomics
CT

Echo Imaging

MRI \
Arrhythmias

ECG .

Valvular heart
disease

/\. Atrial fibrillation “,
.
",
.

\_/

\
» Uncover heterogeneity across
phenotypic groups

. Heart failure ======= IS Disease
phenotypes

o
. Cardiogenic shock

Treatment responses

éu;;a;sn\o

FIGURE 1 Leveraging machine learning on multimodal data can enhance cardiovascular risk prediction and phenotyping. Machine
learning, integrating electrocardiogram (ECG), imaging- (such as cardiac MRI, CT and echocardiography) and multi-omics data, may
improve the accuracy of cardiovascular disease risk prediction (left panel). Clustering analysis may also uncover distinct phenotypes in
heterogeneous cardiovascular diseases (such as heart failure, atrial fibrillation and cardiogenic shock), facilitating the identification of

patient subgroups and personalizing cardiovascular care (right panel).

that classifies 12 ECG rhythm classes, achieving an area
under the curve (AUC) of .97 and an F1 score of .84,
far outperforming cardiologists’ average performance."
Another CNN model trained on 180,112 ECGs achieved
a diagnostic accuracy of 80% for arrhythmias on a test
set of 828 ECGs, superseding physicians with an accu-
racy ranging from 67% to 75%."* Attia et al. used a CNN
model to detect atrial fibrillation (AF) during normal
sinus rhythm, achieving an AUC of .87 and an accuracy
of 79.4%, again outperforming Holter monitoring and
manual ECG interpretation.” The integration of ML
for ECG interpretation is now being practically applied
in clinical settings. This is exemplified by PMcardio, a
smartphone app that leverages Al to analyse 12-lead
ECGs, demonstrating 86% sensitivity and 92% specific-
ity for detecting major abnormalities, and 97% sensitiv-
ity with 99% specificity for AF across both Android and
iOS platforms.'®

Beyond arrhythmia detection, a recently developed
CNN model shows promise to identify moderate-to-severe
aortic stenosis on ECG, achievingan AUC of .85, indicating
a potential utility for aortic stenosis screening.'” Similarly,
Elias P et al. introduced ValveNet, a novel CNN model, to
detect aortic stenosis, aortic regurgitation and mitral re-
gurgitation based on deep learning analysis of ECGs, with
AUCs of .88, .77 and .83, respectively.18 Another CNN
model trained on paired ECG and transthoracic echocar-
diogram data identified asymptomatic left ventricular dys-
function with an AUC of .93, with those having a positive
screening result being at a 4-fold increased risk of future
dysfunction, demonstrating DL's potential to enhance
ECG as a cost-effective screening tool for asymptomatic
left ventricular dysfunction.'’

2.2 | ML in cardiac imaging

DL models for magnetic resonance imaging (MRI), echo-
cardiography and CT-derived data interpretation have
consistently matched or even surpassed expert skills
(Table 1). For instance, Wang YRJ et al. utilized video-
based DL on cardiac MRI for anomaly and CVD detec-
tion. Using a dataset of 8,066 patients and 1,653 healthy
individuals, their models achieved AUCs of .988 and .991,
superseding cardiologists' performance.” Similarly, a
CNN demonstrated comparable diagnostic accuracy to
cardiologists, achieving an AUC of .90 for regional wall
motion abnormality identification in conventional 2D
echocardiography.”’ Beyond 2D data, a novel 3D-based
CNN identifies left ventricular wall motion abnormali-
ties with a Dice coefficient (a measure of the similarity
between the computer's segmented regions and the actual
regions) of .756 and an AUC of .891 across 1,756 exams.*
Hence, DNNs can automate peak velocity measurement
in mitral Doppler inflow in 2D echocardiography, with
performance comparable to human experts.

Coronary computed tomography angiography (CCTA)
is likely to become the future gatekeeper for coronary in-
terventions, thereby guiding patient referral for invasive
procedures. In this regard, a DL-based coronary artery cal-
cium (CAC) scoring system has demonstrated expert-level
accuracy in predicting cardiovascular risk,** with calcifi-
cation >400 Agatston units—especially in the left-main
or anterior descending coronary artery—being strongly
linked to increased cardiovascular risk.** Similarly, a re-
cently published DL-based model enables fully automated
quantification of CAC using ECG-gated noncontrast car-
diac computed tomography (gated CCT) images. This
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model, trained on 560 gated CCT images, showed high
accuracy in total and vessel-specific CAC score classifica-
tion, surpassing previous techniques with Cohen's kappa
values of .95 for testing and .89 for validation.** Beyond
CAC scoring, a CNN model has been used to quantify
atherosclerotic plaque volumes from CCTA images, with
plaque volumes >238.5mm® being linked to a 5.4-fold
myocardial infarction risk.*> Going forward, ML-based
models for CAC scoring and the simultaneous assessment
of quantitative and qualitative plaque characteristics have
the potential to improve the identification of high-risk
patients and thus guide the need for invasive procedures,
thus optimizing workflows and reducing unnecessary
interventions.

ML, combined with various cardiovascular imaging
techniques, has significantly enhanced cardiovascular
risk assessment and the prediction of MACE. DL mod-
els quantified epicardial adipose tissue (EAT) volume
and attenuation, revealing increased EAT volume and
decreased attenuation independently associated with
MACE.*” Another deep learning model for EAT seg-
mentation from CCTA predicted mortality and post-
operative AF, underscoring EAT as a biomarker for
visceral obesity and cardiovascular risk.”® Additionally,
Oikonomou et al. applied random forest to develop a
perivascular adipose tissue radiomic profile, the so-
called fat attenuation index (FAI), analysing 1,391 fea-
tures and achieving a C-statistic of .77, which enhanced
MACE prediction beyond traditional risk stratification
methods.?’ Moreover, a CCTA-based radiomics score
identified plaques at risk for rapid progression using
seven radiomic features, independently predicting
rapid plaque progression and outperforming conven-
tional plaque parameters.’ Similarly, a study utilizing
dual-energy computed tomography (DECT) radiomics
for pulmonary embolism (PE) severity classification
showed that ML models could accurately stratify pa-
tients using 107 radiomic features, achieving 90% classi-
fication accuracy for high-risk PE patients.*® Hence, Al,
by integrating radiomics, significantly enhances clinical
decision-making, improving risk stratification and en-
abling personalized interventions in the management of
cardiovascular diseases, pulmonary embolism, and ve-
nous thromboembolism (VTE).>’

2.3 | ML and its integration with
multi-omics data

The integration of ML with multi-omics data holds
transformative potential for CVD prediction (Table 1).
For instance, DLANet, a DL model applied to genome-
wide association studies (GWAS) data from 42,194

participants in the UK Biobank undergoing cardiac
MRI, successfully identified 72 genetic loci linked to left
ventricular regional wall thickness phenotypes, crucial
markers for hypertrophic cardiomyopathy and signify-
ing individuals at high risk.”> Moreover, NeuralCVD
adeptly integrates polygenic and clinical data to predict
a 10-year risk of MACE, demonstrating superior perfor-
mance over traditional models like QRISK3 and linear
Cox regression, especially for low-to-intermediate risk
patients.*®

Similarly, the lipidomic-enhanced risk score, devel-
oped through a ML workflow, improves risk stratifica-
tion by enhancing discrimination and reclassification in
intermediate-risk individuals in which traditional tools
like the Framingham Risk Score (FRS) fall short.” Reel
PS et al. utilized ML algorithms to classify subtypes of
secondary hypertension by analysing 409 plasma- and
urine-borne biomarkers. Their random forest classifier
achieved a 92% accuracy and 96% specificity, outperform-
ing traditional methods and providing better classification
performance across different subtypes of secondary hyper-
tension.”® Wang H et al. utilized multiple ML algorithms
to analyse metabolomics data. These analyses yielded 13
metabolites linked to metabolic syndrome, revealing dis-
ruptions in pathways such as arginine, proline and gluta-
thione metabolism.*

ML has also revolutionized the landscape of cardio-
vascular diagnosis. The Collaboration for the Diagnosis
and Evaluation of Acute Coronary Syndrome (CoDE-
ACS) model utilizes serial cardiac troponin measure-
ments and clinical data, thereby identifying 56% of
patients as low risk for myocardial infarction at initial
presentation, achieving a 99.7% negative predictive
value, partly outperforming the European Society of
Cardiology (ESC) and High-STEACS pathways, identi-
fying more patients for safe discharge than guideline-
based methods while minimizing observation times.*
Matthias Unterhuber et al. developed eXtreme Gradient
Boosting (XGBoost) and a neural network-based model
to predict all-cause mortality in cardiovascular patients
by analyzing 92 proteins, with both models achieving
a higher AUC than FRS.*' Rajat Deo et al. developed a
proteomics-based model to predict incident cardiovas-
cular events in chronic kidney disease patients, achiev-
ing AUCs of .84-.89, compared to .70-.73 for the ACC/
AHA Pooled Cohort Equation.*?

2.4 | ML-driven phenotypic classification
Clustering, a key unsupervised learning technique, or-
ganizes data into similar groups, revealing hidden pat-
terns. Methods like K-means, hierarchical clustering, and
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DBSCAN assess similarity differently to uncover natural
groupings.*® Clustering is crucial in phenotypic classifica-
tion, enabling clinicians to identify patients with distinct
characteristics and varying treatment responses.

A Japanese study using hierarchical cluster analysis on
4304 AF patients identified six clusters with different mor-
tality and adverse event outcomes, underscoring the need
for tailored management strategies for the very elderly
group.44 Similarly, a study from a European multicenter
observational registry identified three AF phenotypic
groups, each associated with distinctly different health-
care resource utilization and MACE risk.* Compared to
Europe, Japan faces a more pronounced aging population
issue, making the ‘very elderly’ cluster distinctive in their
cohort, which aligns with their greater emphasis on man-
aging very elderly AF patients.

Cardiogenic shock (CS) is a highly heterogeneous syn-
drome with variations in aetiology, clinical presentation
and lab parameters. This heterogeneity complicates di-
agnosis and treatment and is a major challenge for clin-
ical trial design.*®*” Elric Zweck et al. analysed data from
1,959 CS patients using the consensus k-means clustering,
identifying three phenotypes—noncongested, cardiore-
nal, and cardiometabolic, with the cardiometabolic group
having the highest in-hospital mortality.*® These findings
were further validated in an additional cohort of 1,890
CS patients.*’ Heterogeneity also exists in heart failure
(HF), particularly in HF with preserved ejection fraction
(HFpEF), possibly explaining the poor results of clinical
trials of pharmacologic agents in HFpEE.*>*!*? Sanjiv J.
Shah et al. utilized hierarchical clustering on 397 HFpEF
patients, identifying three distinct pheno-groups with var-
ied characteristics and outcomes, and a particularly high
hospitalization risk in older patients with chronic kidney
disease and right ventricular dysfunction.”® Additionally,
Lancaster M et al. employed hierarchical clustering to
identify two phenotypes of diastolic dysfunction in pa-
tients with HFpEF. Their clustering model outperformed
traditional algorithms in predicting adverse events, en-
hancing risk stratification and potentially redefining dia-
stolic dysfunction diagnostics.>

Different phenotypic clusters also exhibit unique
treatment responses. A meta-analysis of RCTs using
iterative hierarchical clustering identified treatment
response clusters for p-blockers in heart failure with
reduced ejection fraction (HFrEF) patients, revealing
that a young-aged AF cluster showed significant im-
provement, while a less symptomatic, older-aged group
did not benefit.>® In the SPRINT trial, Da-Ya Yang et al.
identified four subgroups, with intensive antihyperten-
sive treatment only improving outcomes for the highest-
risk group.’® Maja Cikes et al. studied 1,106 HF patients,
identifying four phenogroups, with two demonstrating

significant treatment benefits from cardiac resynchroni-
zation therapy.”’

Clustering aids in disease subtype identification, en-
abling tailored treatments and improving clinical trial
design by refining patient selection. However, results
can be influenced by the subjectivity in selecting clus-
ter numbers and inherent characteristics within dif-
ferent cohorts, which may limit generalizability across
different populations. As mentioned, clustering results
from a Japanese AF cohort may differ significantly from
those of a European cohort due to population traits.
Consequently, findings from the Japanese cohort are
primarily applicable to Japan and may not extend to
European contexts.

2.5 | ML-driven versus traditional
risk scores

Most ML-driven models demonstrate enhanced predic-
tive performance compared to traditional models and/
or physicians across various cardiovascular outcomes
by leveraging complex algorithms on multidimensional
data (Table 2). Conversely, traditional models remain
valuable for their simplicity and interpretability. ML
methods are deployed across crucial stages of model
development, including data preprocessing, feature se-
lection, model training and optimization. Feature selec-
tion, an essential step in model construction, benefits
significantly from ML, enabling precise identification of
key predictors. For instance, Ambale-Venkatesh B et al.
used random forest to develop models identifying the
top 20 predictors, including TNF-a. Of note, these mod-
els outperformed the FRS and Multi-Ethnic Study of
Atherosclerosis (MESA) scores in identifying asympto-
matic cases.’® In terms of modelling approaches, unlike
conventional models, ML techniques can process high-
dimensional, nonlinear data, thereby capturing intricate
patterns within the dataset. Developed with XGBoost,
GRACE 3.0 addresses GRACE 2.0's underestimation
of mortality risk in women and better stratification by
reclassifying more women as high-risk.”” Moreover,
XGBoost and DeepHit neural networks have shown su-
perior performance over Cox regression, logistic regres-
sion (LR) and traditional risk scores (SCORE and FRS)
in predicting mortality.*!

In some cases, ML models are notably superior to
traditional models. Segar M et al. developed random
forest-based predictive models for in-hospital mortal-
ity in acute decompensated HF patients, achieving high
discrimination and significantly surpassing the tradi-
tional GWTG-HF risk score model and other rederived
LR models.®® A support vector machine (SVM)-based risk
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calculator significantly outperformed the ACC/AHA risk
calculator, while the ACC/AHA model recommended
statins for 46.0% of participants and identified only 76.2%
of ‘Hard CVD’ events, the SVM-based model advised
only 11.4% for statins and captured 85.6% of events.*
Additionally, a LogitBoost model, integrating clinical and
CT imaging data, surpassed ASCVD and CAC scores in
predicting CVD and cardiac deaths®; similarly, XGBoost,
using quantitative CT biomarkers like CAC and EAT vol-
ume, outperformed these scores in predicting MI and car-
diac death.®! Moreover, extreme gradient boosting models
applied to TAVI data from multiple centers yielded an
AUC of .82 for predicting 1-year all-cause mortality, out-
performing traditional clinical scoring systems such as
EuroSCORE II (AUC =.57).%°

However, ML is not always superior to traditional
models. Gradient Boosting Decision Trees (GBDT) and
random forest-based models show only marginal im-
provements over LR in predicting in-hospital mortality
after cardiac surgery.®® Indeed, Frizzell J et al. found that
tree-augmented naive Bayesian networks, random forest
and gradient-boosted models did not improve 30-day HF
readmission predictions compared to traditional LR.?’
Additionally, gradient-boosted modelling demonstrated
only marginal improvements over traditional LR in pre-
dicting HF outcomes. While adding electronic medical
record-derived predictors enhanced mortality and home
time loss predictions, results for other outcomes were sim-
ilar, indicating no absolute advantage.®® Similarly, in pre-
dicting TAVI outcomes, a study found that despite using
various ML models, such as Artificial Neural Networks
(ANN), Naive Bayes (NB) and Random Forest (RF), the
Logistic Regression model achieved the highest predictive
accuracy for in-hospital mortality, with an AUC of .92.
Moreover, ML models for TAVR outcomes show a range
of predictive abilities, from inadequate (C-statistic <.60)
to excellent (C-statistic >.80).”° These findings suggest
that, while ML has potential, traditional models may still
provide competitive or superior performance for certain
clinical outcomes.

Combining ML with traditional modelling methods
can enhance model performance. Wang Y et al. used
random forest and multilayer perceptron algorithms to
identify four novel variables associated with CS. These
previously overlooked variables, combined with the LR
model, proved to outperform the ORBI score.®® Likewise,
Vistisen D et al. developed a prediction model for CVD
risk in patients with type 1 diabetes mellitus (DM), uti-
lizing random forest for variable selection and Poisson
regression to build the model, demonstrating excellent
discrimination and calibration.”!

While ML excels at processing high-dimensional, non-
linear data and often captures complex patterns better

than traditional models, traditional models may be better
for certain tasks due to their interpretability, simplicity
and reliability, especially with smaller datasets and clear
variable relationships. Given the limited dimensionality
of clinical variables, balancing practicality and compu-
tational cost is crucial. Embracing the K.I.S.S. principle
(Keep It Simple, Stupid), opting for simplicity is some-
times the smartest choice instead.

3 | LEVERAGING ML TO REDUCE
RESIDUAL CARDIOVASCULAR
RISK

RR is determined by the interplay of residual inflamma-
tory, residual thrombotic, residual lipid and residual dia-
betes risk, with ML providing novel avenues to address
these hazards effectively.?

3.1 | Residual inflammatory risk
According to an analysis of the Cardiovascular
Inflammation Reduction Trial, residual lipid and inflam-
matory risk, as depicted by hs-CRP, IL-6 and LDL-C,
remain high.”” Indeed, despite the optimization of phar-
macological therapy for CVD management, residual in-
flammatory risk accounts for many adverse outcomes in
patients with or at high risk of CVD.”>”” Certain biomark-
ers are related to residual inflammatory risk, including
hs-CRP, 1L-18, IL-6, IL-1p, neutrophil-derived indicators
and core body temperature.”>”’® For instance, among pa-
tients undergoing PCI, those with hs-CRP >2 mg/L show
higher all-cause mortality and incident ML’ Similarly,
increased IL-1f levels in the setting of acute MI have been
linked to increased mortality and recurrent MACE risk.”
Further, there is higher inflammatory proteome expres-
sion in patients with a rupture of the fibrous cap of the
culprit plaque, which was associated with an increased
MACE rate compared to those with an intact fibrous cap.
Notably, a recent analysis of RCTs comprising a total of
31,245 patients suggests that residual inflammatory risk is
more strongly linked to MACE than lipid risk assessed by
LDL-C.” The IL-1p pathway inhibiting antibody canaki-
numab provides a potential avenue to reduce residual
inflammatory risk and thus MACE; however, it was as-
sociated with an increased number of fatal infections.®
Conversely, low-dose colchicine combines excellent effi-
cacy in secondary CVD prevention in stabilized patients
with a safe risk profile.”

ML may provide novel avenues to address residual in-
flammatory risk. For instance, by leveraging Boruta and
LASSO regression analyses, 15 inflammatory proteins
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independently associated with increased MI risk were re-
cently identified. Specifically, CDCP1, CD6, IL1-8R1, IL-6
and CXCL1 have emerged as independent biomarkers
associated with the highest MI risk,*® underscoring their
potential as targets for therapeutic intervention. Recently,
ML was used on proteome data from two independent
secondary prevention cohorts; notably, CVD risk was pre-
dicted more accurately utilizing the proteome model than
a clinical model in both the derivation and validation co-
horts.®! Despite proteome models appearing promising,
they involve the risk of missing significant predictors af-
fecting the outcome. Cari-Heart® is an Al-based software
using CCTA images to assess inflammation and athero-
sclerosis in coronary arteries and clinical information to
predict cardiac mortality.®* The perivascular fat attenua-
tion index measures coronary inflammation by identifying
changes in the perivascular fat of coronary arteries, which
can be assessed using Cari-Heart®. High fat attenuation
index values around LAD and RCA predict all-cause and
cardiac mortality on top of traditional clinical risk scores
and optimal interpretation of CCTA images but without Al
algorithms.**® Chan et al. recently introduced an Al-risk
algorithm, integrating coronary inflammation measured
by fat attenuation index in CCTA, clinical risk factors and
plaque burden in CCTA to predict MACE. The novel Al-
risk algorithm is estimated using Cari-Heart® and reclassi-
fied patients, including those without obstructive CAD, for
MACE and cardiac death risk better than the traditional
prediction tool QRISK3.** In aggregate, ML can be used
to explore unknown pathophysiological pathways, identify
potential treatment targets and interpret complex radiol-
ogy images to reduce residual inflammatory risk.

3.2 | Residual thrombotic risk

Patients with ASCVD face a significant residual throm-
botic risk following major cardiovascular events, which
has become a focal point of current research.®® Although
antiplatelet therapy is the accepted standard for second-
ary prevention, this approach may not sufficiently miti-
gate residual thrombotic risk in certain high-risk patients.
Two studies indicate that a low-dose rivaroxaban com-
bined with aspirin can further reduce the incidence of
cardiovascular events in specific patients, though it also
elevates the risk of bleeding.86‘87 Similarly, the PEGASUS-
TIMI 54 study demonstrates that long-term DAPT with
ticagrelor and aspirin significantly reduces MACE and
coronary events in high-risk post-MI patients, including
those with multivessel disease, regardless of prior stent-
ing. These findings underscore the necessity of enhanced
management of residual thrombotic risk in selected
populations.®®*

Current ML applications in thrombosis management
focus mainly on optimizing venous thrombosis diagnosis
and treatment. For instance, neural networks analyse ra-
diology reports to accurately identify and classify throm-
bosis cases, achieving high accuracy in detecting deep vein
thrombosis and pulmonary embolism.”’ Additionally,
neural networks use clinical and lab data—such as age,
D-dimer levels, and genetic mutations—to predict throm-
bosis recurrence.””*> However, ML applications for as-
sessing residual thrombosis risk in ASCVD patients are
limited and mainly diagnostic. For example, ML models
predicting stent restenosis using GRACIA-3 trial data out-
performed existing scores,” while another neural network
diagnosed antiphospholipid syndrome with 92% accuracy
using thrombin generation parameters, independent of
anticoagulation.”* The LAT-AI machine learning model
was developed to predict left atrial appendage thrombus
in patients on chronic oral anticoagulation using clinical
and transthoracic echocardiography features. It achieved
an AUC of .85, outperforming left ventricular ejection
fraction and CHA2DS2-VASc score.This model could po-
tentially reduce unnecessary transoesophageal echocardi-
ography by 40% in these patients.”

3.3 | Residual lipid risk
While the addition of newer drugs to statin treatment (e.g.
ezetimibe, PCSK9 inhibitors) leads to MACE reduction, a
substantial residual risk persists, as found in IMPROVE-IT
and FOURIER trials, respectively.”®®” A 1mmol/L in-
crease in time-weighted average exposure to LDL-C links
to a 2-fold higher risk of recurrent MACE over a 3-year pe-
riod, highlighting the need to address lipid risk early and
aggressively.”® The interindividual variation in the statin-
mediated reduction of LDL-C, non-HDL-C and apoB is
high, with >40% not achieving LDL-C target goals, which
is directly linked to higher MACE risk.” Lipoprotein(a) is
another established risk factor for CVD, mainly genetically
determined, and it cannot be directly therapeutically tar-
geted with currently available medications.'®

A novel ML tool using boosted regression tree analy-
sis intergrated anthropometric, laboratory, demographic,
and lifestyle variables. Itfound that a non-HDL-C/apoB
ratio of 1.4 or less was linked to a higher CAC score, an
important feature of coronary atherosclerosis.'’! Recently,
Zhu et al. have built a lipid risk score combining advanced
lipid measurements and clinical data. Of note, among
BioHEART-CT study participants, the ML score pre-
dicted subclinical CAD better than FRS.'** Similar results
were obtained in two large cohorts from the Australian
Diabetes, Obesity and Lifestyle and the Busselton Health
Studies, with a novel score significantly improving the
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stratification of the intermediate-risk group for MACE
over FRS (AUC .635 vs. .558).%° Another ML model based
on electronic health record (EHR) data identified patients
with familial hypercholesterolaemia with good positive
predictive value and sensitivity in both internal and ex-
ternal validation datasets. Importantly, this ML algorithm
uses complex data, such as text from clinical notes, that
could not be incorporated into traditional scores.'”® ML
models outperformed LDL-C cutoffs (AUROC .711vs..642)
and showed improved performance in low-prevalence co-
horts (AUROC .801-.856).'°*'%° Implementing Al-guided
analysis for familial hypercholesterolaemia patients may
drive clinical decisions for treatment initiation, possi-
bly facilitating lipid management and improving patient
outcomes.

3.4 | Residual diabetes risk

Patients with diabetes are at particularly high ischaemic
risk despite ongoing efforts to identify novel antidiabetic
drugs.'®*'%” In parallel, GLP-1 agonists and SGLT2 inhibi-
tors have proven high efficacy to reduce MACE not only in
patients with diabetes but also in those with heart failure
and CKD.'%1° A variety of ML models have been intro-
duced more recently. For example, among 32,611 patients
with type 1 DM, ML significantly contributed to the as-
sessment of MACE risk, increasing accuracy, improving
robustness, and reducing the variance of predictions, with
glycated haemoglobin, albuminuria, DM duration, systolic
blood pressure and LDL-C representing the most potent
predictors.''! The Risk Equations for Complications Of
type 2 Diabetes (RECODe) used an ML model to identify
predictors and incorporate them into a Cox proportional
hazard model for each outcome, showing better discrimi-
nation and calibration than UK Prospective Diabetes Study
Outcomes Model 2 (UKPDS OM2) and American College
of Cardiology/American Heart Association pooled cohort
equations (ACC/AHA) risk scores.'** Numerous ML mod-
els have been proposed to improve MACE prediction be-
yond existing risk scores in patients with DM or impaired
glucose tolerance, both in primary and secondary preven-
tion settings. For example, plasma protein N-glycan pro-
filing and a model combining numerous factors with top
three statin treatment, NT-proBNP, and albumin levels
have shown promising results."’*''* As noted earlier, an
increasing number of studies now utilize phenomapping
in DM cohorts to identify DM phenogroups with distinct
MACE risk and treatment response.'*>*"’

Predicting harm or benefit induced by intensive glycae-
mic therapy in DM patients can guide personalized ther-
apy, as exemplified by the Action to Control Cardiovascular
Risk in Diabetes (ACCORD) trial.""® Additional ML-based

algorithms have been tested in DM populations with the
scope to guide clinical decision-making for diabetes treat-
ment. Canagliflozin, personalized postprandial-targeting
diet, and insulin initiation are examples of interventions
that could be selected based on a personalized and not
average benefit following results from studies using ML
models."***?' Overall, ML offers numerous opportunities
in diabetes, such as predicting cardiovascular and other
complications, determining glycaemic targets, and select-
ing drug or lifestyle treatments on a personalized approach.

4 | FUTURE CHALLENGES AND
DIRECTIONS

The rapid evolution of Al and its branches has led to the
expansion of Al-based tools in the cardiovascular field.
However, implementing these innovative applications in
clinical practice comes along with potential issues related
to their safety, reliability and validity. Indeed, algorithms
that have not been properly validated may cause harm to
patients; thus, quality standards are crucial for the use of
these novel tools.

4.1 | Data quality and model
explainability

While the number of available ML tools is increasing ex-
ponentially, standardized and transparent data reporting
remains scarce, with a limited number of studies report-
ing performance metrics in external validation data sets.
Further, the underrepresentation of certain patient groups
(e.g. different ethnicities, across socioeconomic status and
sexes) hampers the generalizability of many ML mod-
els.'*™'* Data quality may also be affected by interob-
server variability, for example, in diagnostic procedures
in which human intervention has a role.'** Therefore,
appropriate guidance by international societies in close
collaboration with authorities (e.g. European Medical
Agency, Food and Drug Administration) is a necessity.
Moreover, we need to overcome the ‘black box’ issue of
ML algorithms when applied in healthcare settings.'?®
Indeed, the process through which novel algorithms
provide predictions should be reported transparently
to ensure advances in clinical decision-making. To sim-
plify the complexity of Al, explainable AI (XAI) has been
introduced,'”’ with gradient-weighted class activation
mapping (GradCAM) and Shapley additive explanations
(SHAP) being the most frequently used. For instance, the
HARD MACE-DL model, a DL model using single photon
emission CT myocardial perfusion imaging to estimate
risk for MI and death, incorporates the GradCAM and the
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SHAP approaches, which may guide physicians and allow
better data interpretation.'

4.2 | Bias

Bias in AI applications for cardiovascular care stems
from underrepresentation in digital datasets and data se-
lection challenges, including sampling, annotation and
measurement bias, disproportionately affecting under-
represented patient populations. For example, Elias et al.
reported reduced accuracy in Al-based tools for detecting
valvular heart disease in elderly and non-Caucasian pa-
tients,'® while Cheema et al. identified lower accuracy for
female and non-white patients in HF detection.'?’ These
biases are exacerbated through algorithm development
and application, resulting in disparities such as missed di-
agnoses, misclassification and inappropriate recommen-
dations. Jabbour et al. further noted that systematically
biased AI models can significantly decrease diagnostic
accuracy among clinicians."* These findings underscore
the need for diverse data integration, comprehensive vali-
dation and meticulous deployment to ensure Al models
support equitable cardiovascular care.

Al applications in cardiovascular care are closely linked
to EHR, leveraging EHR data for digitization and analy-
sis to understand treatment effect Variability,131 assess the
comparative effectiveness of tests and interventions,'** and
more recently, to develop prediction,133 classification,'**
and optimization models** that inform clinical decision-
making. However, EHR introduces inherent biases from
three main sources: missing data, limited sample sizes and
misclassification errors. Missing data often exclude pa-
tients from underrepresented groups, limiting their iden-
tification by algorithms. Small sample sizes fail to capture
nuances within minority groups. Misclassification occurs
when patient records reflect provider biases, inaccurately
labeling or diagnosing individuals based on socioeco-
nomic or demographic factors. Together, these biases risk
distorting ML predictions, potentially amplifying health
disparities rather than reducing them.'*®

Effective mitigation requires a diverse research team,
robust validation across demographic categories, and on-
going bias audits. Regulatory oversight, like the FDA's
guidelines, emphasizes transparency and equity to mini-
mize Al bias and promote health justice."*’

4.3 | Integration with clinical workflows
Achieving more precise cardiovascular risk assessment
by AI depends on its successful clinical translation and
integration of available ML models into clinical practice.

First, as many published AI algorithms lack external
validation, their clinical implementation is hampered.'*®
Second, legal issues arise from the lack of clear assign-
ment of responsibilities, for example, to the physician or
the constructor of an AI model in case of harmful clinical
decision-making after implementing an Al tool.'** Third,
as many ML models are not run locally, data protection
may become an issue.’**'*° Finally, the effectiveness of
ML models not only depends on their inherent character-
istics but also on human perception of their results and
arising clinical implications. While ML applications using
next-generation sequencing data can be integrated into
oncology diagnostics and pharmacogenomics,**"'** the
use of genomic data in cardiovascular medicine is still in
its infancy, possibly due to the multifactorial aetiologies
of most CVDs, including both environmental and genetic
factors. Leveraging Al by combining GWAS and EHR data
may transform risk prediction and cardiovascular care at
large in the near future.'* Continuously updated legisla-
tion regarding medical AI by the EU and US FDA will fa-
cilitate the rapid expansion of Al tools in medicine.

For example, certain ML-based applications, such as
PM cardio, a mobile app aiding in ECG interpretation,'® as
mentioned above, can be easily incorporated into clinical
workflows. Conversely, more complex, potentially expen-
sive ML tools such as CaRi-Heart® for the quantification
of spatial changes in perivascular fat composition and
thus coronary inflammation have not been broadly imple-
mented yet,*** with interventional studies pending pub-
lication. Considering the global shortage of limited health
resources (both in personnel and finances), particularly in
regions with low socioeconomic development, Al offers
unprecedented opportunities to address these challenges.
Indeed, leveraging ML-based models for the management
of patients may ultimately offer more cost-effective pre-
vention, diagnosis and treatment opportunities, reducing
both personal and financial needs.

4.4 | Primary prevention

Going forward, AI may also prove useful in real-world
practice for the primary prevention of CVDs. Indeed, as
noted earlier, most ML models supersede the performance
of traditional models.** For instance, an Al-guided CCTA
interpretation algorithm improves 10-year cardiovascular
risk stratification among individuals without clinically
overt CVD.'*® Along similar lines, the potential of Al-
guided CCTA in primary prevention settings is currently
being studied in the TRANSFORM trial, in which indi-
viduals without known symptoms of ASCVD but who are
at increased risk for ASCVD will be recruited (ClinicalTr
ials.gov identifier: NCT06112418). The trial will test the
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hypothesis that a CAD staging system-based care strategy
(including an imaging-based evaluation for coronary ath-
erosclerosis, algorithm-supported pharmacotherapy and
personalized education) reduces cardiovascular events
compared with risk factor-based care. The results of this
innovative trial will add high-level evidence on the ef-
ficacy and safety of Al-guided CCTA on personalized
CVD prevention. While ML models using demographic
data and medical history to predict CVD risk are likely to
be incorporated into clinical practice and applied to the
general population in the future, ML models using more
complex data, such as CCTA imaging, may be broadly
implemented only in specific high-risk individuals, pos-
sibly limited to high-income regions. For instance, the
Al-driven CardioSight dashboard and CHAMP program
now integrate real-time cardiovascular risk assessment,
socioeconomic data and preventive care coordination in
Singapore, bridging gaps in primary prevention and CVD
management.'* Accumulating evidence supports the
great potential of Al in primary prevention,'*’ though,
pending external validation, its safety and efficacy to im-
prove hard cardiovascular endpoints need to be rigorously
assessed in well-designed interventional trials.

5 | CONCLUSIONS

The introduction of ML has transformed cardiovascu-
lar risk assessment and patient management at large.
Indeed, ML allows for more precise and objective risk
assessment, with data-driven clinical decision-making
representing an essential building block of future patient
management. By integrating multidimensional data (e.g.
multi-omics, imaging and nonstructured data such as
EHR), ML models can learn from complex and diverse
data types and thus provide the basis for future clinical
decision-making in both primary and secondary preven-
tion settings. Harnessing externally validated ML-assisted
tools may foster global efforts to mitigate cardiovascular
risk early and in a more personalized fashion. Through
the identification and targeting of specific residual risk
factors—such as inflammation, dyslipidemias, diabetes
and pro-thrombotic states—ML models can individual-
ize risk management across the heterogeneous spectrum
of CVDs. With the global shortage of physicians (driven
by reduced working hours and more part-time roles), ML
will play a key role in facilitating the delegation of rou-
tine monitoring for chronic conditions to advanced nurse
practitioners. On the other hand, however, overreliance
on ML and Al-assisted tools should currently be avoided,
as most models have neither undergone external valida-
tion in independent settings nor have their efficacy and
safety been rigorously assessed in interventional trials.

Moving forward, beyond the conduct of well-designed
RCTs, we will need to continue our efforts to address
barriers that hamper the implementation of ML in rou-
tine clinical care, including those related to data quality,
ethics, legal frameworks and system integration. In this
context, the FUTURE-AI framework provides a struc-
tured approach to developing and deploying trustworthy
Al tools in healthcare, emphasizing key principles such
as fairness, universality, traceability, usability, robustness
and explainability."*® Adopting these best practices will
be critical in ensuring that ML models are not only clini-
cally effective but also ethically sound and widely applica-
ble across diverse populations. Achieving this vision will
require coordinated efforts across multiple disciplines,
including researchers, clinicians, data scientists, stake-
holders and—eventually—individual patients.
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