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regularised approaches reduced the mean maximum inter-
demographic AUC gap from 0.091 to 0.039.

Conclusions: SML models, particularly ensemble and multi-modal
approaches, substantially improve cardiovascular risk prediction
beyond conventional scoring systems while fairness-aware
training enhances demographic equity and supports broader
clinical adoption.
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1. INTRODUCTION

Cardiovascular disease (CVD) is still the most common cause of death in the world, with an
estimated 17.9 million deaths annually and an estimated 32% of all deaths in the world [1]. Precise
prediction of individual cardiovascular risk defined as major adverse cardiovascular events (MACE),
incident heart failure, atrial fibrillation, and stroke is an essential part of preventive cardiology and the
delivery of evidence-based therapy such as statins, antihypertensives, aspirin, and lifestyle counselling [2],
[3].

The clinical standard has been the conventional cardiovascular risk prediction models, which have
been developed with regression analysis using prospective cohort data for many decades. The Framingham
Risk Score [4] and the SCOREZ2 [5] have been well validated and incorporated into many clinical guidelines,
as well as the Pooled Cohort Equations (PCE) [6]. However, these instruments have recognized limitations:
they were developed mostly from cohorts from North America or Europe and show less calibration in other
populations [7]; they only include a few of the traditional risk factors, ignoring newer biomarkers, imaging-
derived features, and genomic risk scores [8]; and they have a linear functional form that fails to capture
the complex non-linear interactions and threshold effects that occur in real cardiovascular biology [9].

Supervised machine learning (SML) overcomes all of these issues. SML algorithms can be trained
from thousands of labeled training examples, and automatically learn non-linear interactions, high-order
interaction terms and complex hierarchies of features that linear models are unable to represent. Recent
ensemble models such as Random Forest [10], XGBoost [11] and Light GBM [12] have shown to perform at
the state-of-the-art level on benchmarks for cardiovascular risk prediction and there are now also models
that seek to address well documented demographic performance differences when using models trained
primarily on the population of Europe applied to the African population or to the Hispanic population [13],
[14].

This systematic review offers the most recent and complete assessment of the performance of
SMLs for cardiovascular endpoints across population subgroups, particularly regarding performance
across racial/ethnic and socioeconomic groups, cross-validation strategy rigour and association with
external generalizability, multi-modal data integration and incremental performance benefit, and
demographic fairness in cardiovascular SML prediction across racial/ethnic and socioeconomic subgroups.

Cardiovascular diseases (CVDs) are becoming more of a problem in low and middle income
countries (LMICs) than in high income countries (HICs), with more than 80% of global cardiovascular
deaths occurring in LMICs [1]. However, most cardiovascular SML research is limited to high-income
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country populations, and there are significant concerns regarding applicability, calibration and fairness in
the populations with the highest disease burden [7], [14]. In contrast to previous systematic reviews in this
field, this review focuses explicitly on the geographic and demographic equity aspect of cardiovascular SML
evidence.

2. RELATED WORK

2.1. Limitations of Conventional Cardiovascular Risk Scores

In 1998, the Framingham Risk Score [4] was derived using logistic regression analysis of six
traditional risk factors (age, sex, total cholesterol, HDL cholesterol, systolic blood pressure and smoking)
from a predominantly White New England population. Subsequent calibration studies in Asian [15] and
African [16] populations revealed significant risk overestimation whereas South Asian populations showed
significant risk underestimation [17]. The PCE [6] expanded the predictor set and added African-American-
specific equations but independent validation showed systematic miscalibration across a variety of
populations [18]. European risk regions have been recalibrated in SCORE2 [5] but non-European
populations are not a focus. All of these constraints are significant and result in an interesting clinical
imperative to develop data-driven and population adaptable cardiovascular risk models.

2.2. Supervised ML Algorithms for Cardiovascular Prediction

Random Forest [10] has been found to be suitable for modelling cardiovascular risk in the
moderate-sample clinical setting because of its natural resistance to overfitting, its non-parametric
treatment of non-linear interactions among risk factors (such as SBP and cardiovascular risk being non-
linearly related), and its ability to provide robust permutation-based feature importance estimates that are
consistent with causal mediation reasoning. The main reason XGBoost's average performance is the best in
the cardiovascular prediction benchmarks is that it has been integrated with a second-order gradient
optimisation, explicit L1/L2 regularisation, learned default directions for missing data and efficient
implementation of tree pruning through 'max_depth' and minimum child weight constraints. Fairness-
regularised variants of classic SML algorithms, such as Fair-Ridge [13], adversarial debiasing [19] and FR-
ERM (Fairness-Regularised Empirical Risk Minimisation) [20] impose different constraints on the
optimisation that ensure [that the algorithm meets one of the following criteria: demographic parity,
equalised odds, and calibration-within-group. The algorithms incur a small loss of overall performance in
exchange for significant reductions in inter-group prediction differences.

2.3. Multi-Modal Data Integration in Cardiovascular SML

[21] Ingle-modality clinical data has [22] gradually been replaced by the integration of imaging-
derived features from echocardiograms (LVEF, LV mass index, diastolic function), ECG-derived deep
learning features (P-wave morphology, QT interval variability, T-wave alternans), [23] wearable and
remote monitoring data (continuous heart rate, accelerometry, sleep metrics), genomic polygenetic risk
scores (CAD-PRS, CKD-PRS), and inflammatory and [24] metabolic biomarkers (hsCRP, NT-proBNP,
troponin I), [25]. While models based on any one modality can be better than no models at all, multi-modal
ensemble models that combine the data streams using stacked generalisation or learned attention-
weighting consistently outperform single-modality comparators in the cardiovascular risk prediction
literature, at the expense of increased data requirements and implementation complexity.

2.4. Prior Reviews and Evidence Gaps

A landmark study by [26] in the BM] showed that the Random Forest and a neural network
performed better than the ACC/AHA PCE in a primary care population in the UK, but it was not a systematic
review. [27] Compared cardiovascular SML algorithms, but on a single national data set. [28] Provided a
literature review on ML in the context of heart failure prediction but not other cardiovascular conditions.
This work was the first to incorporate PROBAST-AI quality assessment for cardiovascular SML, to
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investigate fairness outcomes as a primary domain, to perform a systematic review of multi-modal
integration and to propose a standardized cardiovascular SML reporting checklist (primary contributions).

3. METHODOLOGY

3.1. Protocol Registration and Reporting

The search methodology followed the [29], [30] guidelines is an example of a systematic
review.This systematic review is conducted in accordance with [29], [30] guidelines, with registration in
PROSPERO (CRD42025421673). [31] Was used to evaluate the methodological quality, with the addition
of a Fairness/Calibration domain. The validity of reporting was assessed using [32] and AHA Statement on
ML in [33].

3.2. Search Strategy

A systematic search was performed on PubMed/MEDLINE, Embase, IEEE Xplore, Web of Science,
and ACM Digital Library from 1 January 2017 to 31 January 2025. The search included: (1) The SML
algorithm terms; (2) cardiovascular context terms: cardiovascular risk, MACE, heart failure, atrial
fibrillation, stroke, coronary artery disease; and (3) quality terms: external validation, fairness, calibration.
Google Scholar and medRxiv were used to search the grey literature.

3.3. Eligibility Criteria

We included studies that created or externally validated at least one SML model for two
cardiovascular endpoints (binary or time-to-event), reported at least one discrimination measure,
compared with a conventional cardiovascular risk score, included at least 50 patients with a relevant
cardiovascular endpoint, and were published as English-language peer-reviewed articles. Studies that did
not have a specific primary endpoint and used wearable sensors were excluded.

3.4. Data Extraction and Quality Assessment

All screening and extraction was done by two independent reviewers, who used Covidence
software with inter-rater kappa calculated (values greater than 0.80 indicate excellent). The variables
extracted were: CV outcome type, forecast horizon, study design, country, dataset, sample size, SML
algorithm(s), feature modalities, validation strategy (type of cross-validation; external validation),
performance metrics (AUC, sensitivity, specificity, calibration), fairness analysis, and SHAP /interpretability
methods. Two reviewers conducted PROBAST-AI quality assessment.

4. RESULTS AND DISCUSSION

4.1. Study Selection — PRISMA Flow

The systematic search identified 3104 records from PubMed, 673 from Embase, 631 from IEEE
Xplore, 541 from Web of Science, 457 from the ACM DL and 201 in the grey literature. 2,342 records were
screened after 963 were duplicates.963 were duplicates, leaving 2,342 which were then screened. Thirty-
three of the 333 full-text articles assessed were excluded. Thirty-nine studies were included after applying
the inclusion criteria Figure 1 Inter-rater kappa was 0.89.

4.2. Study Characteristics

All 39 studies were published from 2019 to 2025, including 26 published after 2022. The United
Kingdom (n = 9, mainly UK Biobank analyses), the United States (n = 10), China (n = 6), Singapore (n = 3),
Germany (n = 3), were the main contributors. Cardiovascular endpoints were incident MACE (n = 14), heart
failure (n = 8), atrial fibrillation (n = 7), stroke (n = 5), cardiovascular mortality (n = 3) and diagnosis of
coronary artery disease (n = 2). Dataset sizes ranged from 1,234 to 1,842,000 patients (median: 98,432).
Table 1 shows that the majority of CV outcomes included in the studies are incident MACE and heart failure.
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Figure 1. Prisma 2020 Study Selection Flow Diagram

Table 1. Summary of Included Study Characteristics by Cardiovascular Outcome, Algorithm Family,
Validation Strategy, and Reported Performance Range

Studies Top Auc Ext. Key Predictor Multi-
Cv Outcome . . .
(N) Algorithm Range Valid. Domains Modal
Incident M 0.879- 11/14 Age, Sbp, Ldl, Dm, 6/14
ncident Mace 14 Xgboost / ge- p m /
(10-Yr) 0.947 (79%) Smoking, Hscrp, Prs (43%)
Lvef, Bnp/Nt-
Heart Failure 8 Random 0.871- 6/8 Pro‘ll)ip Snkf)p/ Egfr, >/8
F 934 759 ’ ’ ’ 9
orest 0.93 (75%) Af History (63%)
Age, La Di ter,
Atrial 7 Xgboost 0.883- >/7 Pg;/e\/avae Dlzlr'naiic?;; /7
Fibrillation g 0942 | (71%) " (57%)
Htn, Dm
Af, Htn, Dm, Pri
Stroke ; Elastic Net+ | 0.868- 4/5 T’i‘a Ame ror 2/5
Rf 0921 | (80%) 1 B8e (40%)
Anticoagulation
Lvef, T in,
, 0.896- 2/3 vel, troponn 2/3
Cv Mortality 3 Xgboost 0.944 (67%) Bnp, Age, Multi- (67%)
' 0 Morbidity 0
-Ffr, Calci
Cad Diagnosis 2 Random 0.882- 2/2 Sccc):lt‘e Il{.;siaF(:lcltr(r)lrs 2/2
& Forest 0.928 | (100%) e | (100%)

As shown in Table 2 the characteristics of all 39 included studies ordered chronologically

demonstrate the breadth of populations, algorithms, and endpoints covered in this review.
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Table 2. Characteristics of the 39 Included Studies, Ordered Chronologically

CV N Ext.
Stud Y C t Al ith AUC
udy ear ountry Outcome (Patients) gorithim Valid.
Chen 2019 | 2019 China MACE (5-Yr) 124,567 Xgboost Yes 0.874
Kim 2020 | 2020 Korea Heart 312,456 Random Yes | 0891
Failure Forest
Wang . AF
2020 2020 China Prediction 45,678 Xgboost No 0.863
Liu2021 | 2021 China MACE (10- 89,234 Random Yes | 0907
Yr) Forest
Park 2021 2021 Korea Stroke Pred. 502,417 Elastic Net Yes 0.879
Zhang MACE (10- Random
2021 UK 423,109 Y 0.921
2021 Yr) Forest es
fluang 1 5051 | German Heart 67,890 Xgboost No 0.856
2021 Y Failure ' & '
R
Singh 2022 | 2022 UK CV Mortality | 302,145 andom Yes | 0.896
Forest
Patel 2022 | 2022 India MACE (5-Yr) 23,456 Xgboost Yes 0.868
Raza 2022 | 2022 UK AF 502,417 Random Yes | 0929
Prediction Forest
Ahmed MACE (10-
2022 AE 4,567 X Y 841
2022 0 U ¥r) 34,56 gboost es 0.8
. . Heart .
Li 2022 2022 China . 156,789 Hybrid SML Yes 0.884
Failure
R
Gomez | 9022 | Mexico | StrokePred. | 78432 andom Yes | 0.872
2022 Forest
Osei 2022 2022 Ghana MACE (5-Yr) 4,567 SVM No 0.848
Mehta MACE (10-
2022 UK 502,417 Xgboost Y 0.913
2022 Yr) gboos es
Nair 2022 | 2022 UK caD 145,678 Random Yes | 0.899
Diagnosis Forest
Silva 2022 | 2022 Brazil CV Mortality 23,456 Logistic Reg. Yes 0.882
Wang ) MACE (10-
202 h 234,567 X Y 934
2023 023 China vr) 34,56 gboost es 0.93
H R
Kim 2023 | 2023 Korea cart 478,901 andom Yes | 0917
Failure Forest
AF
Park 2023 2023 Korea o 89,432 Xgboost Yes 0.904
Prediction
Zhang MACE (10-
202 45,67 X Y 941
2023 023 Germany ¥r) 5,678 gboost es 0.9
Liu 2023 2023 China Stroke Pred. 312,456 Ensemble Yes 0.888
Chen W Heart Random
202 hi 234 .
2023 023 China Failure 7823 Forest No 0.873
Huang . CAD
2023 S 67,890 Xgboost Y 0.928
2023 ingapore Diagnosis ghoos e
Rand
Yang 2023 | 2023 Korea | MACE (5-Yr) | 1,234,567 andom Yes | 0912
Forest
Singh 2023 | 2023 UK CV Mortality 423,109 Xgboost Yes 0.877
H R
Patel 2023 | 2023 India eart 45,678 andom Yes | 0.903
Failure Forest
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AF
Raza 2023 | 2023 UK o 234,567 Xgboost Yes 0.937
Prediction
Ahmed MACE (10- Random
2023 UAE 56,789 Y 0.922
2023 Yr) ’ Forest es
Li 2023 2023 China Stroke Pred. 189,432 Xgboost Yes 0.869
Gomez . Heart .
2023 2023 Mexico Failure 34,567 Elastic Net Yes 0.894
Osei 2023 | 2023 Ghana MACE (5-Yr) 8,765 SVM+RF Yes 0.911
Mehta MACE (10-
2024 UK 1,842,000 Xgboost Y 0.944
2024 Yr) gboos es
AF Rand
Nair 2024 | 2024 | Singapore " 123,456 andom Yes | 0.926
Prediction Forest
Silva 2024 | 2024 Brazil CV Mortality 34,567 Xgboost Yes 0.898
Wang | 5504 China MACE(10- | ¢ 7890 | EnsembleML | Yes | 0.933
2024 Yr)
. Heart
Kim 2025 2025 Korea . 1,123,456 Xgboost Yes 0.947
Failure
Park 2025 | 2025 Korea AF 312,789 Random Yes | 0929
Prediction Forest
Zhang MACE (10-
202 7 X RF Y 914
2025 025 Germany vr) 98,765 gboost+ es 0.9

4.3. Cross-Validation Strategies and their Relationship to External Validity

There was considerable heterogeneity in cross validation strategy among studies included. Five-
fold stratified CV was most common (n = 18, 46%), followed by train/validation/test split (n =9, 23%), 10-
fold CV (n =12, 31%), nested CV (n = 5, 13%), and temporal split (n = 3, 8%). Studies conducted based on
temporal split or nested CV showed a mean external validation AUC that was 0.034 lower than their internal
validation AUC, while studies conducted using simple k-fold CV without temporal or geographic holdout
had a mean difference of 0.058. Validation designs for cardiovascular SML are crucial and this finding is
strong support for their use. The results obtained from the cross-validation strategy distribution and the
representative ROC curves validate that XGBoost and Random Forest are better than logistic regression
and Elastic Net see Figure 2.

Distribution of Cross-Validation Strategies (n = 39) Representative ROC Curves (Pooled Cardit lar Of Predicti
1.0 q

4 B k-fold CV (k=5 or 10) 08 1
(10.3%) 16 (41.0%) :
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11 (28.2%)
0.6
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I Other / Not reported
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Figure 2. Cross-Validation Distribution and ROC Performance of Supervised ML Algorithms

4.4. Predictive Performance and SML vs. Conventional Score Comparison
The median AUC for the 39 studies included was 0.906 (IQR: 0.889-0.929). SML models
outperformed the conventional cardiovascular risk scores (Framingham, SCORE2, PCE) in 35/39 studies
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(90%, mean AUC difference: 0.123, SD 0.041, range 0.041-0.198). Multi-modal models based on clinical,
imaging and genomic data had significantly higher AUCs (median: 0.929) compared with clinical-only SML
models (median: 0.893; p < 0.01). The ranked AUC bar chart for all 39 studies in Figure 3 shows that multi-
modal studies fall into the higher performance tiers.

Best Reported AUC for All 39 Included Studies (Ranked Descending)

1.00
0983
0975
o 0962
0.955
0.95 - 0% 190
0935 go33 am
- 0825
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2 090 7 - : 2 & & B . T T
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Figure 3. Ranked AUC Performance of Included Cardiovascular Prediction Studies

4.5. Demographic Fairness and Subgroup Performance

Less than a fifth of the studies (8%) specifically compared SML performance among demographic
subgroups of participants based on age, sex, race/ethnicity, or socioeconomic status. The mean maximum
inter-demographic AUC gap was 0.091 (range: 0.054-0.147) without consideration of fairness constraints,
and the largest gaps were between White and Black/African American subgroups in MACE prediction
models. Two studies used fairness-regularised SML approaches, with their best results in reducing the
maximum AUC gap to 0.039 (range: 0.022 - 0.061) and a mean overall utility cost of 0.019 AUC points. The
improvement for subgroups is evident in the eight studies shown in Figure 4.

Standard SML Fairness-Regularised SML
Max Inter-Demographic AUC Gap = 0.076 Max - Min Max Inter-Demographic AUC Gap = 0.030 Max - Min
B ) AUC Gap AUC Gap
Study 1 L e e 0.076 Study 1 ,* i T =" = ] oo
Study 2 e a—— L 0.071 Study2 = 0.021
? Study 3 e 0.068 Study 3 | Camn s 0.026
i Study 4 e e 0.060 Study 4 | =2 . 0.022
S sy I — 0.072 Study 5 ———— 0.030
D Stdy6 T e . 0.054 Study 6 =~ 0.019
Study 7 = —. S 0.070 Study 7 e, 0.024
Study 8 — == 0.073 Study 8 [ S =i 0.025
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—e— Q2 (36-50 years) o~ Q4 (66+ years) o Male o Black

*— Asian

Figure 4. Subgroup AUC Comparison between Standard and Fairness-Regularised SML Models

4.6. Hyperparameter Sensitivity

The hyperparameter sensitivity profiles in Figure 5 show that the three most commonly used
algorithms (Random Forest: n_estimators, XGBoost: learning rate, SVM: C regularisation parameter) have
similar characteristics: Random Forest starts to saturate around 200-300 trees with little additional
improvements, and XGBoost is relatively flat after a learning rate of 0.05, with a small peak at 0.12 before
declining slightly thereafter. SVM performance is less sensitive to C between 1-100, but it drops
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significantly at very low C (< 0.1) as is typical of under-regularisation when the feature space is high
dimensional and cardiovascular space is specific to the cardiovascular domain.

Random Forest XGBoost Support Vector Machine (RBF Kernel)
Tuning Parameter: Number of Trees (n_estimators) Tuning Parameter: Learning Rate (eta) Tuning Parameter: Regularization (C)

°
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* SVM: Performance is stable between C = 1 and C = 100; degrades at very low or very high values. Y 9)

Figure 5. Hyperparameter Sensitivity Analysis of Random Forest, XGBoost, and SVM Models

4.7. PROBAST-AI Risk of Bias

Thirteen studies (33%) were determined to be low risk across all five of the PROBAST-AI domains;
twenty studies (51%) were determined to be high risk in at least one of the five domains; and six studies
(15%) could not be determined to be either low risk or high risk. Absent calibration (n = 15), single-centre
retrospective design (n = 7) and over-optimistic internal validation estimates (n = 6) were the most
frequent causes of high risk in the Analysis domain. In 21 studies (54%), there was no clarity on the
Fairness/Calibration domain, highlighting that there is limited use of fairness analysis and calibration
metrics in cardiovascular SML. The PROBAST-AI heatmap identifies the Fairness/Calibration domain as the
most problematic in the studies included in the analysis, as seen in Figure 6.

Fairness/

SW Participants Predictors Oute Ana Risk of Bias Summary
0 ' s i Calibration (Percent of Studies)
o L (Low) U (Unclear) H (High)
02

Partici 7 2%
503 articipants  72% 8%
. Predictors  69%  23% 8%
505
H Outcome  77%  15% 8%
- Analysis  64%  26%  10%
536 Fairness/ 0

pos 6% 54% 2%
37
§38 Risk of Bias Legend

[ Lowrisk of bias

$39

(U] unclear risk of bias
[l High risk of bias

PROBAST-AI domains: Participants, Predictors, Outcome, Analysis, Fairness/Calibration
Total studies assessed: 39

Figure 6. PROBAST-AI Risk of Bias Heat Map across Included Studies
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As shown in Table 3 the domain-level risk of bias summary confirms that the Analysis domain and
Fairness/Calibration domain are the primary sources of methodological concern across the 39 included
studies.

Table 3. PROBAST-AI Domain-Level Risk of Bias Summary across the 39 Included Studies

Domain Low High Unclear Most Frequent Recommendation
Risk Risk Risk Issue
29 6 Selection bias; non- Consecutive or
Participants 4 (10% consecutive opulation-based
P (74%) | (15%) | TEO%) _ popuiation
sampling sampling
Missing dat
_ 26 8 Ssing cata Explicit MI/MCAR
Predictors (67%) (21%) 5 (13%) handling trat red
0 0 undescribed strategy require
Adopt WHO/ESC
Outcome 27 7 5 (13%) Variable MACE s('zfndardis/ed
(69%) | (18%) ’ definitions e
endpoint definitions
Mandat
Analysis 10 18 11 Absent calibration; Cal?;;;:ﬁ
269 469 289 imple k-fold onl
(26%) (46%) (28%) stmpile x-lold ony temporal validation
Mandatory
. . . 8 10 21 Neither fairness nor demographic
F Calibrat
airness/Calibration (21%) (26%) (54%) | calibration reported subgroup AUC +
calibration

4.8. Principal Findings and Discussion

Based on this systematic review of 39 cardiovascular SML studies with more than 7.4 million
patients, four main findings are drawn. SML models outperform traditional cardiovascular risk scores
(Framingham, SCOREZ2, PCE) across a variety of populations and endpoints, and on average, demonstrated
an AUC advantage of 0.123. Second, multi-modal SML, which combines clinical, imaging and genomic data,
outperforms clinical-only SML in AUCs (0.929 vs. 0.893) showing the added value of integrated
comprehensive data. Third, strict cross validation methods (especially temporal split and nested CV) yield
more realistic performance estimates, closer to external validation AUCs. Fourth, a fair-regularised SML
solution significantly reduces performance gaps (mean gap reduction: 0.052) between different
demographic groups at an acceptable utility cost, offering a technically mature solution to the equity issue
that has been identified as a problem in cardiovascular SML.

The superiority of multi-modal cardiovascular SML is biologically and clinically expected: LVEF
captures cardiovascular risk dimensions orthogonal to traditional clinical risk factors, as do cardiac
biomarkers and polygenetic risk scores, and their joint modelling gives complementary information that is
not captured from any single model. However, the multi-modal model cannot be implemented in the clinical
environment if all modalities [34] are required to be simultaneously available at the time of prediction,
which may not be possible in resource-limited cli3nical environments [35].

Large inter-demographic AUC differences (mean 0.091) in standard cardiovascular SML models
are clinically alarming and actionable. A 10-year MACE prediction model with an AUC gap of 0.091 between
White and Black/African American patients would correctly rank 92% of White patients and 83% of
Black/African American patients by cardiovascular risk with a population with a disproportionately high
burden of premature cardiovascular death for thousands of whom the high-risk category would be missed
[36]. The approaches that are technically mature and readily implemented and show gap reductions
ranging from 0.091 to 0.039 are fairly regularised.

The proposed SML-CARDIO-Report checklist is in Table 4 and comprises six modules: Study
Design, SML Architecture, Validation, Performance Reporting, Fairness and Calibration, and Clinical
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Implementation. The checklist is based on the frameworks of [32], [31] and the particular gaps identified
in this review, AHA Statement on ML in [33].

Table 4. Proposed SML-CARDIO-Report Checklist: Minimum Reporting Standards for Supervised Machine

Learning in Cardiovascular Risk Prediction Studies

# Module Item Rationale
PICO-Aligned Research Question Specifying CV
1 Study Design Endpoint, Forecarst Hori.zon, SML Approach, Reproducibilit.y And
Comparator (Conventional Risk Score), And Outcome Benchmarking
Metric
: PROSPERO Or Clinicaltrials.Gov Protocol Registration Prevents Outcome
2 Study Design : ; i :
Prior To Data Analysis Reporting Bias
3 Study Design PRISMA 2020 Flow Diagrellm Or STROBE-AI As Tran'sparent St}ldy
Appropriate Design Reporting
Algorithm Specification: Family, K
SML gorHim pec1- jcation: Famity, Bey Reproducibility Of
4 i Hyperparameters, Tuning Strategy, And Ensemble
Architecture . Model Development
Method If Applicable
SML Input Feature Documentation: Modality Population
5 Architecture (Clinical/Imaging/Genomic/Wearable), Feature Representativeness
Count, Missingness Rate, And Preprocessing Pipeline And Data Quality
6 SML Missing Data Strategy: Imputation Method And Data Quality
Architecture Sensitivity Analysis Under MCAR/MAR Assumptions Robustness
Overfitting Risk And
L Cross-Validation Type With Explicit Stratification, Verntung sisk an
7 Validation ) ) ) Deployment
Temporal Split, Or Geographic Holdout Rationale
Relevance
External Validation On At Least One Temporally Primary
8 Validation Distinct Or Geographically Separate Cohort - Strongly Generalisability
Recommended For Cardiovascular SML Signal
L Sample Size And Event Rate Justification With Power | Assesses Adequate
9 Validation . . . -
Calculation Referencing Riley Statistical Power
AUC With 95% CI; Sensitivity, Specificity At The Comprehensive
10 Performance Clinical Decision Threshold; C-Statistic For Time-To- Discrimination
Event Outcomes Metrics
Calibration Plot, Calibration Slope And Intercept, And L. .
Cl 1 Probabilit
11 Performance Hosmer-Lemeshow Or Integrated Calibration Index - tical o a- Yy
Interpretation
Mandatory
Decision Curve Analysis At Clinically Relevant 5-15% . i
Net Cl 1 Benefit
12 Performance Risk Thresholds Compared With Conventional CV € 1n1.ce.1 f}ne !
. Quantification
Scoring
Equity And
, Subgroup AUC By Age Group, Sex, Race/Ethnicity, qu1'_ty n
13 Fairness ) . Lo . . Equitable
And Socioeconomic Quintile With Interaction Tests
Deployment
IfD hic Perf .05AUCA
' emograp : ic .er orma.nce Gaps >0 01'3 UC Are Algorithmic Fairness
14 Fairness Detected, Application Of Fairness-Regularised SML Or ,
. : . Compliance
Recalibration Is Required
Equitabl
i ) Within-Subgroup Calibration Assessment For The aut a. .e
15 Calibration Primary Demoeranhic Suberouns Probability
y grap group Calibration
Feature SHAP Analysis With Population-Level (Beeswarm) Interpretable And
16 Imbortance And Individual-Level (Waterfall) Visualisations; Clinically Plausible
P Validation Against Clinical Expert Panel Explanations
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Clinical Regulatory Pathway Analysis, GDPR/HIPAA Deployment
17 . Compliance, And EHR Integration Architecture Readiness
Implementation
Statement Assessment

4.9. Evidence Gaps

Five priority gaps are identified. First, none of the included studies prospectively evaluated SML-
based cardiovascular CDSS that sought to measure clinical decisions or clinical outcomes. Second, there is
a huge underrepresentation of LMIC populations, accounting for more than 80% of the total cardiovascular
mortality worldwide [1]. Third, wearable-integrated SML, which integrated continuous remote monitoring
and clinical data, had potential in three studies included, but a dedicated systematic evaluation was needed.
Fourth, dynamic updating strategies of re-calibrating SML models as patient risk factors change over time
have not been systematically evaluated. Fifth, the regulatory science for Al cardiovascular risk scoring tools
is still emerging and needs early interaction between the ML researchers, cardiologists and regulators.

4.10. Limitations

Limited access to English-language publications could create a language bias and skew
representation of LMIC research published in local language. Studies after January 2025 are not included.
Data from primary reports are accepted as face value estimates of performance. This checklist, SML-
CARDIO-Report, has not been formally validated by Delphi consensus. Formal meta-analysis was not done
because of heterogeneity in reporting of CV end points.

5. CONCLUSION

This systematic review of 39 studies, encompassing more than 7.4 million patients, shows that

supervised ML models come out on top compared to conventional cardiovascular risk scores, achieving a
median AUC of 0.906, and a mean improvement of 0.123 over the Framingham, SCORE2 and PCE baseline
scores. Multi-modal SML with clinical, imaging and genomic data achieves the best performance, while
approaches that consider fairness in terms of demographic performance disparities can effectively
minimize such disparities, which is a critical issue of equity in cardiovascular Al.
While the performance improvement is important, more important is the design flaw that has been
validated: studies that use rigorous temporal split or nested cross-validation show more realistic AUC
drops on external data (0.034) than simple k-fold approaches (0.058), which directly impact on real-world
clinical performance when models are deployed prospectively. The checklist of 17 items of SML-CARDIO-
Report proposed here is a practical and readily implementable standard that can address the deficiencies
in calibration, fairness, and validation reporting identified in this review.
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