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Abstract: Introduction: Accurate prediction of mortality following myocardial infarction (MI) is critical for timely identification of

high-risk patients and optimization of interventions. Conventional statistical models are commonly used; however, ad-
vanced machine learning (ML) methods are being increasingly recognized. This meta-analysis aimed to systematically
evaluate and compare the predictive performances of various ML models. Methods: A systematic search of the Medline
(via PubMed), Embase, Scopus, and Web of Science databases was conducted up to January 9, 2025. A total of 14933
articles were identified, of which 330 underwent a full-text review and 69 met the inclusion criteria. The meta-analysis
was conducted using a bivariate random-effects model in the ‘midas’ package of STATA 14. Subgroup analyses were con-
ducted based on the follow-up duration and selected clinical features. The risk of bias was assessed using the QUAPAS.
Publication bias and evidence certainty were assessed using Deeks’ funnel plots and GRADE framework, respectively.
Results: Gradient Boosting Machines (GBM), Single Decision Tree Models, and Random Forest models yielded similarly
high predictive accuracies. Advanced GBMs, particularly XGBoost (AUC = 0.90, 95% CI: 0.87-0.92; sensitivity = 0.78, 95%
CIL: 0.74-0.82; specificity = 0.87, 95% CI: 0.83-0.89), showed the highest evidence certainty due to precision and minimal
publication bias. Across advanced GBMs, adding echocardiographic parameters increased the sensitivity from 0.77 to
0.83 and specificity from 0.85 to 0.90, indicating a clinically meaningful yet resource-dependent gain in discrimination.
Conclusion: Advanced Gradient Boosting Machines, particularly XGBoost, currently provide the most reliable mortality
predictions in patients with MI. Future research should emphasize external validation, transparent reporting of feature

selection, detailed data preprocessing, and dedicated studies on populations with NSTEMI.
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1. Introduction

Despite significant advancements in cardiovascular care,
myocardial infarction (MI) continues to represent a substan-
tial global health burden with persistently high mortality
rates (1). Timely and accurate identification of high-risk pa-
tients remains critical, enabling targeted interventions and
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personalized management strategies to improve outcomes
2,3).

Traditional scores such as TIMI were originally derived from
logistic regression, whereas the latest GRACE 3.0 revision al-
ready employs a tree-based boosting algorithm; nonetheless,
these tools are still implemented clinically as fixed point-
based calculators rather than fully dynamic ML systems (4).
However, recent advances in computational methodologies
have enabled the analysis of extensive clinical datasets. This
has prompted the exploration of advanced Machine Learn-
ing (ML) techniques. ML approaches, including Decision
Trees, Random Forests, Support Vector Machines, Gradient
Boosting Machines, and Neural Networks, can handle com-
plex, multidimensional clinical data more effectively. For ex-
ample, ML models may more effectively integrate nonlinear
relationships and interactions among clinical parameters,
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such as biomarkers and imaging findings, thus potentially
refining patient risk stratification (5). Despite their promise,
the clinical adoption of ML-based predictive models remains
limited owing to concerns regarding interpretability, exter-
nal validity, and feasibility of integration into existing clinical
workflows.

Given the rapid increase in studies evaluating ML applica-
tions in cardiology, a systematic synthesis of current evi-
dence is essential to guide clinical practice. This systematic
review and meta-analysis analyzed key performance metrics,
including sensitivity, specificity, and essential classification
outcomes such as true positives (TP), true negatives (TN),
false positives (FP), and false negatives (FN). Additionally, the
impact of specific clinical features on predictive model accu-
racy was examined to optimize model selection and clinical
applicability. Assessing model performance across diverse
follow-up periods, including short-term and long-term mor-
tality, may help tailor predictive strategies to clinical scenar-
ios. Given the differences in clinical outcomes between ST-
elevation and Non ST-elevation MI, evaluating the ML model
performance separately or comparatively across these sub-
populations is essential.

As research on ML-based predictive models expands, in-
sights derived from comprehensive meta-analyses may en-
hance clinical decision-making by guiding the selection of
optimal predictive models. Improved predictive accuracy
could lead to more effective risk stratification, timely inter-
ventions, and better patient prognosis for MI management.
Moreover, explainability techniques (e.g., SHAP) are now
routinely paired with tree-based boosting and warrant ded-
icated scrutiny in cardiac prognostic modelling. This meta-
analysis aimed to systematically evaluate and compare the
predictive performances of various ML models.

2. Methods

2.1. Eligibility Criteria

This systematic review adhered to the PRISMA 2020 guide-
lines (6), and the protocol was prospectively registered in
PROSPERO (CRD42025633287) (7). Studies were included if
they reported prognostic accuracy metrics of ML models pre-
dicting mortality, specifically in patients with MI. No restric-
tions were placed on the language or publication dates.

The exclusion criteria were as follow: 1 studies mixing MI
with other Acute Coronary Syndromes populations; 2 arti-
cles without mortality outcomes or population sizes; 3 stud-
ies lacking quantitative results for ML models; and 4 stud-
ies using stacking models owing to methodological incon-
sistencies and dataset-dependent variability, making reliable
meta-analysis challenging.

We excluded mixed ACS cohorts to preserve pathophysiolog-
ical homogeneity and outcome specificity for MI. Patients
with unstable angina exhibit substantially lower event rates
and different management algorithms, which can attenu-
ate model signal for mortality prediction. Nevertheless, we

recognize that seminal scores (e.g., GRACE, PRAISE) were
derived in broader ACS populations; this methodological
choice is therefore discussed as a limitation below.

2.2. Information Sources

A comprehensive search was conducted on January 9, 2025,
across MEDLINE (via PubMed), Embase, Scopus, and Web of
Science. The search strategies for each database are provided
in Supplementary Material (Table S1).

2.3. Search Strategy and Selection Process

The search strategy combined Medical Subject Headings
(MeSH) and free-text terms related to "myocardial infarc-
tion" and "machine learning". Two independent reviewers
systematically screened the titles and abstracts and resolved
discrepancies by consensus with a third reviewer. A PRISMA
flow diagram summarizing this process is shown in Figure 1.

2.4. Data Collection Process and Data Items

Data extraction was independently performed by three re-
viewers using a standardized form and pilot-tested on ten
studies for consistency. Discrepancies were resolved through
consensus. Collected data included 1 bibliographic details; 2
study characteristics, such as MI subtype (STEMI, NSTEMI,
or combined), MI confirmation method, population size,
mortality events, mean age, and male percentage; 3 ML
model details, specifically features including ECG, labora-
tory, angiographic, and echocardiographic findings; 4 clin-
ically relevant follow-up durations (in-hospital, 30-day, 1-6
months, 1-year, and >1 year); and 5 ML model performance
metrics.

Individual articles often reported multiple populations, such
as training and validation cohorts, or analyses at different
follow-up durations. After excluding shorter follow-up anal-
yses within identical populations to avoid double-counting,
336 distinct analyses remained. When studies provided sep-
arate results for training, internal validation, or external val-
idation cohorts we abstracted only the latest independent
dataset to avoid optimistic bias.

2.5. Risk of Bias Assessment

Methodological quality was evaluated using the QUAPAS tool
(8), assessing biases and applicability concerns across five
domains (Participants, Index Test, Outcome, Flow and Tim-
ing, Analysis). Ratings ("Low", "High" or "Unclear" risk) were
assigned independently by two reviewers.

2.6. Effect Measures

The primary effect measures were TP, TN, FP, and FN, which
were derived from the sensitivity, specificity, sample size, and
mortality counts. The sensitivity and specificity were directly
reported or calculated algebraically. For ROC curves with-
out explicit data, ‘PlotDigitizer’ software was used. Analyses
reporting only AUC were excluded, as sensitivity and speci-
ficity cannot be precisely reconstructed from AUC alone, de-
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spite the established utility of the binormal model. The de-
tailed calculation methodologies have been previously pub-
lished (9). Because most primary studies reported fixed-time
binary mortality, we synthesized sensitivity and specificity at
those horizons. Time-to-event metrics (e.g., C-index, time-
dependent AUROC, calibration slope) were unavailable in a
majority of reports; their future inclusion would enable a
more comprehensive prognostic appraisal.

2.7. Synthesis Methods

Data were analyzed using the ‘midas’ package in Stata 14. Bi-
variate random-effects model pooled sensitivity, specificity,
and prognostic odds ratio (POR). Summary receiver operat-
ing characteristic (SROC) curves were used to visualize the
prognostic accuracy. Substantial heterogeneity (I? statis-
tics) was expected due to variations in MI definitions, pa-
tient populations, clinical settings, feature selection, and ML
methodologies. Subgroup analyses based on follow-up dura-
tion and clinical features reduced heterogeneity.

2.8. Reporting Bias Assessment

Publication bias was evaluated using Deeks’ funnel plot
asymmetry test (P-value <0.05 indicating significant bias)
(10).

2.9. Certainty Assessment

Evidence certainty was assessed using the GRADE frame-
work, considering the risk of bias, inconsistency, indirect-
ness, imprecision, and publication bias (11).

3. Results
3.1. Study Selection

A total of 14933 records were retrieved through database
search. After removing 5213 duplicates, 9720 articles re-
mained. Two independent reviewers screened the titles and
abstracts, and a third reviewer resolved any disagreement. Of
the 330 articles reviewed in the full text, 261 were excluded
forreasons outlined in Figure 1, including mixed populations
without separate MI groups (n = 134), absence of mortality
as a distinct outcome (n = 31), lack of relevance to the study
question (n = 28), insufficient reporting of ML metrics (such
as reporting only AUC) or mortality data (n = 28), and con-
ference abstracts or incomplete manuscripts (n = 25). Some
studies presented duplicate or overlapping data (n = 12) or
used unique models incompatible with the meta-analysis (n
= 3). Ultimately, 69 articles were included in the final review
(Figure 1).

3.2. Study Characteristics

The included studies were published between 2012 and 2025,
with a notable increase from 2023 onward. Patient pop-
ulations primarily consisted of individuals diagnosed with
myocardial infarction, including STEMI and NSTEMI, some-
times accompanied by complications such as cardiogenic
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shock, diabetes mellitus, or hyperuricemia. The study sam-
ple sizes varied considerably, ranging from 70 to 755402 pa-
tients, with a combined total of 1958806 individuals. The
mean age of the patients ranged from 53.8 to 77 years, and
the proportion of male participants ranged from 0% (studies
exclusively involving female patients) to approximately 86%.
MI diagnoses were confirmed through various combinations
of clinical presentations, ECG findings, cardiac biomarkers,
angiographic data, echocardiography, imaging, or adminis-
trative coding systems (e.g., ICD-9/10). Mortality predictions
covered diverse follow-up intervals, including in-hospital,
30-day, 1-6 months, 1-year, and >1 year. The number of pre-
dictive features utilized in the ML models ranged from three
to 53, with one study employing 103 features. Ten distinct ML
model categories were assessed, with each study utilizing to
one and eight model categories. The detailed characteristics
of the individual studies are summarized in Table 1.

3.3. Features Used in ML Models

The number of predictors used in the included ML models
ranged from three to 53, with one study reporting up to 103
features. All studies incorporated at least one of the following
feature categories: demographic characteristics, past medi-
cal history, and vital signs. Additionally, we systematically as-
sessed whether each model included four specific categories:
1 ECG findings (e.g., rhythm and ST-T changes), 2 laboratory
results, 3 angiographic data (features obtained from angiog-
raphy procedures beyond a history of angiography), and 4
echocardiographic findings. Inclusion or exclusion of these
feature categories was recorded for each model.

3.4. Syntheses findings

A total of 336 analyses, encompassing ten distinct ML model
categories, were included in this meta-analysis. Table 2
presents the pooled performance metrics for each model cat-
egory, synthesizing area under the receiver operating char-
acteristic curve (AUROC), sensitivity, specificity, likelihood
ratios, and POR to evaluate their effectiveness in predicting
mortality in patients with MI. SROC curve and sensitivity,
specificity, DLR and DLOR plots for each ML model are pro-
vided in Supplementary Material (Figures S1-S13).

3.5. Logistic Regression (LR)

Logistic Regression was examined in 72 analyses, with a
pooled mortality rate of 0.06. Summary estimates demon-
strated an AUROC of 0.86, pooled sensitivity of 0.77, and
specificity of 0.81, indicating balanced prognostic perfor-
mance (Table 2). Inclusion of echocardiographic features
reduced sensitivity but increased specificity, implying im-
proved discrimination with potential under-identification of
high-risk cases. In 54 studies assessing pure LR models, sen-
sitivity declined and specificity increased at 30-day follow-
up. At 1-year follow-up, sensitivity further decreased, while
long-term follow-up showed higher sensitivity but reduced
specificity (Table 3).
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3.6. Single Decision Tree (DT)

Single Decision Tree models were evaluated in 31 studies,
with pooled AUROC of 0.90, sensitivity of 0.80, and speci-
ficity of 0.88 (Table 2). These models performed consistently
across datasets due to minimal dependence on specific input
features (Table 3). However, substantial heterogeneity and
wide confidence intervals indicate that future evidence may
alter current estimates.

3.7. Support Vector Machine (SVM)

Support Vector Machine models were evaluated in 39 studies,
with pooled estimates showing an AUROC of 0.86, sensitivity
of 0.78, and specificity of 0.84 (Table 2). Sensitivity appeared
to decrease with the inclusion of echocardiographic and an-
giographic data, though evidence remains inconclusive due
to limited sample size. Subgroup analysis revealed reduced
sensitivity at 30-day and 1-year follow-ups, while both sensi-
tivity and specificity declined in long-term follow-up (Table
3).

3.8. k-Nearest Neighbors (kNN) and Bayesian-
based models

kNN models, assessed in nine analyses, showed an AUROC
of 0.85, with low sensitivity (0.57) and acceptable specificity
(0.87) (Table 2). Bayesian-based models, evaluated in nine
observations, lacked sufficient data for robust conclusions
and were affected by numerical overflow issues, limiting fur-
ther analysis. Overall, both models demonstrated limited
suitability for mortality prediction in this context.

3.9. Random Forest (RF)

Random Forest models, analyzed in 58 studies, exhibited
an AUROC of 0.89, sensitivity of 0.76, and specificity of
0.88 (Table 2). While these models did not demonstrate
strong dependencies on ECG or laboratory features, sensitiv-
ity increased with the inclusion of echocardiographic data,
whereas specificity decreased. This suggests that echocar-
diography provides additional discriminatory power, but
may introduce misclassification in specific scenarios. A sim-
ilar pattern was observed in the RF model, with reduced sen-
sitivity at the 30-day and 1-year follow-ups. However, in the
long-term follow-up subgroup, a decrease in specificity was
observed (Table 3).

3.10. Gradient Boosting Machine (GBM)

Classical GBM models, analyzed in 14 studies, reported an
AUROC of 0.89, sensitivity of 0.79, and specificity of 0.88 (Ta-
ble 2). Due to the limited number of studies, the effect of
specific input features remains inconclusive. No significant
variation in performance was observed across follow-up du-
rations.

Advanced GBM models, evaluated in 60 studies, achieved an
AUROC of 0.90, with sensitivity of 0.78 and specificity of 0.87,
ranking them among the highest-performing algorithms (Ta-
ble 2). Figure 2 shows summary receiver operating charac-

teristic (SROC) curve sensitivity and specificity estimates for
individual studies in advanced GBM models. Sensitivity in-
creased when ECG data were included, while specificity de-
creased. Echocardiographic data enhanced both sensitivity
and specificity. Subgroup analyses showed reduced sensitiv-
ity and specificity at 30-day follow-up, reduced sensitivity but
improved specificity at 1-year, and decreased specificity in
long-term follow-up (Table 3). In 46 studies focusing on XG-
Boost, sensitivity declined at 1-year and specificity decreased
in long-term follow-up.

AdaBoost, examined in 11 studies, showed an AUROC of 0.82,
sensitivity of 0.67, and specificity of 0.88 (Table 2). Although
it appeared feature-independent, further studies are needed
to validate this observation.

3.11. Neural Networks (NN)

Neural Networks were evaluated in 31 studies, with pooled
AUROC of 0.86, sensitivity of 0.81, and specificity of 0.80 (Ta-
ble 2). Sensitivity declined when additional features, partic-
ularly echocardiographic data, were included—suggesting a
need for improved model architectures and feature engineer-
ing. However, due to the limited number of studies per fea-
ture type, these effects remain inconclusive. Subgroup anal-
yses by follow-up duration were not feasible due to insuffi-
cient data.

Heterogeneity across models was primarily driven by varia-
tions in clinical definitions, follow-up periods, patient char-
acteristics, feature inclusion, and ML methods. Stratifica-
tion by follow-up duration (e.g., 30-day, 1-year, long-term)
notably reduced heterogeneity (Table 3). Decreased perfor-
mance linked to certain clinical features may reflect sub-
optimal integration methods rather than limitations of the
features themselves. A planned comparison by MI subtype
(STEMI vs. NSTEMI) was not performed due to a lack of
NSTEMI-specific studies. Future research should aim for
standardized MI definitions, consistent follow-up reporting,
and transparent documentation of model configurations to
improve generalizability and clinical relevance.

3.12. Risk of bias

Most studies showed low risk of bias in the Index Test,
Outcome, and Flow and Timing domains, indicating well-
defined models, consistent mortality measurement, and ap-
propriate follow-up. Applicability concerns were minimal,
supporting the relevance of included populations and meth-
ods to clinical settings.

However, issues were noted in Participants (domain 1) and
Analysis (domain 5). In domain 1, 50 studies were rated low
risk, while five were high risk and 14 unclear due to insuffi-
cient details on sampling and inclusion criteria, raising con-
cerns about selection bias. Despite this, all but one study re-
mained applicable to the review question. In domain 5, 63
studies were low risk, and six unclear due to limited informa-
tion on missing data handling, highlighting a need for better
statistical transparency.
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Domains 2, 3, and 4 were consistently methodologically ro-
bust. Two signaling questions (S5.2 and S4.3) were excluded
as not applicable, as noted in Supplementary Table S2. Over-
all, while most studies were methodologically sound, im-
proved reporting on recruitment and missing data is needed
to enhance future research. Risk and applicability assess-
ments are presented in Figure 3.

3.13. Publication bias

Publication bias was evaluated through visual examination
of funnel plots and statistically using Deeks’ funnel plot
asymmetry test for each ML model category. Funnel plots
for each model are presented in the Supplementary Material
(Figures S14 and S15).

Statistical analysis revealed significant evidence of publica-
tion bias (P-value < 0.05) in several ML categories, including
the Logistic Regression (P = 0.042), pure LR (P = 0.017), kNN
(P =0.002), RF (P =0.001), and AdaBoost (P = 0.039).
Conversely, no significant evidence of publication bias was
detected in the Single DT-based models (P = 0.084), SVM (P =
0.259), Bayesian-based models (P = 0.836), Classical GBM (P
=0.404), Advanced GBM (P = 0.473), XGBoost (P = 0.469), NN
overall (P = 0.286), specifically MLP (P = 0.207), and Simple
NN (P =0.250).

These results indicate that publication bias might have in-
fluenced the pooled accuracy estimates for certain ML cat-
egories, particularly the kNN, RE and LR. The findings from
these categories should be interpreted with caution.

3.14. Certainty of evidence

The overall certainty of evidence for each ML model was as-
sessed using a structured grading approach, initially set at
high certainty and downgraded according to the method-
ological concerns. LR, single DT-based models, SVM, RE
classical GBM, and Neural Networks have been downgraded
primarily because of serious concerns regarding inconsis-
tency (heterogeneity) or publication bias, resulting in a low
level of certainty. Bayesian-based models and AdaBoost
showed very serious inconsistencies and additional con-
cerns regarding imprecision or publication bias, thus yield-
ing very low certainty. Only the advanced Gradient Boosting
Machines maintained moderate certainty, reflecting fewer
methodological limitations. The comprehensive details for
each model and the specific reasons for downgrading are pre-
sented in Table 4.

4, Discussion

This systematic review and meta-analysis synthesized 336
analyses from 69 studies evaluating machine learning (ML)
models for predicting mortality following myocardial infarc-
tion (MI). Among the ten evaluated model types, advanced
gradient boosting machines (particularly XGBoost) consis-
tently demonstrated the highest predictive accuracy, sup-
ported by robust evidence and minimal publication bias.
Single decision trees and random forests also performed well,
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offering interpretable and relatively feature-independent al-
ternatives, particularly in resource-constrained settings.
Incorporation of echocardiographic data significantly en-
hanced both sensitivity and specificity, corroborating prior
evidence on the incremental prognostic value of cardiac
imaging. Modalities such as left-ventricular ejection fraction,
CT-derived plaque burden, and late-gadolinium-enhanced
cardiac MRI have been shown to improve risk stratification
(12-14). These findings strengthen the biological plausibility
of imaging-augmented ML models. However, their reliance
on advanced imaging may limit scalability in routine care.
Model explainability remains essential for clinical adoption.
Techniques such as SHAP and integrated gradients allow vi-
sualization of feature contributions at both the cohort and
individual-patient level. Standardized reporting of these ex-
plainability measures—alongside performance metrics—will
help translate ML predictions into actionable clinical insight.
While ongoing advances may shift comparative model rank-
ings, current evidence supports the superior prognostic per-
formance of advanced gradient boosting machines. Future
studies should prioritize robust external validation across di-
verse cohorts, clearly report feature engineering and confu-
sion matrices, and develop clinician-facing interfaces to sup-
port practical deployment of ML in post-MI care.

5. Limitations

This review has several limitations. Despite subgroup analy-
ses by follow-up duration and input features, substantial het-
erogeneity persisted. Contributing factors included incon-
sistent MI definitions, variable patient characteristics, and
unstandardized model development pipelines—particularly
in feature selection and preprocessing. Notably, few stud-
ies focused exclusively on NSTEMI populations, limiting our
ability to compare performance between MI subtypes. This
represents an important evidence gap, especially since many
benchmark tools (e.g., GRACE) were derived from mixed ACS
cohorts. Although we excluded mixed-ACS studies to main-
tain population homogeneity, this decision may reduce com-
parability with widely used clinical risk scores.

Our analysis treated mortality as a fixed binary outcome at
specific time points, which, while aligned with most source
literature, fails to account for censoring or time-to-event dy-
Fu-
ture studies should adopt survival modeling approaches
(e.g., Cox-based GBM or time-dependent AUROC) and report
concordance indices, calibration slopes, and decision-curve

namics. This may misrepresent underlying hazards.

analyses to more comprehensively evaluate prognostic util-
ity.

A major limitation across included studies was the lack of ex-
ternal validation. Models trained and tested within the same
dataset—or using only internal cross-validation—are at risk
of overfitting and may yield overly optimistic results. Adher-
ence to TRIPOD-AI (15) and PROBAST-AI (16) guidelines is
needed to improve methodological transparency, including
clear reporting of dataset splitting strategies, missing data
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handling, and model calibration.

6. Conclusions

Among machine learning approaches for post-myocardial
infarction prognostication, advanced gradient boosting ma-
chines (particularly XGBoost) consistently achieve the high-
est accuracy, while single decision trees and random forests
remain interpretable, lower-complexity alternatives. In-
corporating echocardiographic features provides a clini-
cally meaningful improvement, underscoring the prognos-
tic value of structural cardiac data. Future studies should
emphasize external validation across diverse STEMI and
NSTEMI cohorts, employ survival-based performance met-
rics, and ensure transparent reporting of feature selection,
preprocessing, and explainability methods. Such rigor will
facilitate safe clinical adoption and enable personalized,
timely interventions for high-risk patients.
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EVIERH Baseline Characteristics of Included Studies Evaluating Machine Learning Models for Post-Myocardial Infarction Mortality Prediction

Author PopulationDataset & Confirmation | Country|Sampld Mean| Male | Mortality | Features| Features| Mortality | ML models
Type method Size |Age |% numbers |number |type Predic-
tion Time
Alcober, |MI MONICA Project CP +|Philipp- |509 NR |0 99 4,8 None In- LR, RF
2020 (17) ECG + Cardiac marker ines hospital
Aziz, 2021 | STEMI ECG + Cardiac marker Malaysia| 2939, |56.6, |86 423, 252,|6 LD 1-year, LR, SVM, RF
(18) 3130, [55.8 338 30-day
6299 , In-
hospital
Bai, 2021 |STEMI CP + ECG + Cardiac|China 656 62.5 |84 91 16 LD 1-year LR, KNN, RE
(19) + Hyper- | marker Adv.GBM
uricemia
Barrett, MI+ICU | MIMIC III USA 5436 |72 61 1629 10 LD, TTE | 1-year LR, DT, SVM,
2019 (20) ICD9 (CP + ECG + Cardiac Bayesian, RE
marker) AdaBoost,
NN
Chen, STEMI +|ESC 2017 China 438 62 71 42 10 LD, TTE |In- LR,
2023 (21) |T2DM CP + ECG + Cardiac hospital |Bayesian,
marker RE GBM,
Adv.GBM
Chen, MI 2015 CSC guidelines China 7931 |65.8 |74 107 10 LD, TTE, | In- LR, RE
2024 (22) CP + ECG + Cardiac CAG hospital |Adv.GBM,
marker NN
Cheng, STEMI 2013 ACCF/AHA guide-|Taiwan |1567 [61.1 |84 120 10 LD In- LR, RF
2022 (23) line hospital
CP + ECG + Cardiac
marker
Cosentino,| STEMI +|CP + ECG + PCI Italy 465 68 73 281 4 LD, TTE |Long- LR
2021 (24) |CS term
Deng, STEMI CP + ECG + Cardiac|China 854 60.3 |83 47 11 LD, TTE |In- RE DT, SVM,
2022 (25) marker hospital |NN
Farah, MI NR Russia |[1700 |[NR |NR (271 4 None In- LR, SVM, NN
2022 (26) hospital
Geltser, STEMI ECG + PCI Russia |1402, |63 |68 [95,223 5 LD, TTE |In- LR, GBM,
2024 (27) 3273 hospital |NN
Ghafari, |[MI ECG + Lab data Iran 1699 [61.9 |63 271 50 LD, ECG | In- LR, SVM, RE
2023 (28) hospital |Adv.GBM
Gong, STEMI NR China 3205 |[63.1 |77 297 6 LD In- SVM
2024 (29) hospital
Gupta, STEMI 4th Universal Definition | India 1700 |[54.5 |81 210 10 TTE 30-day LR, DT, RE
2024 (30) of MI = Cardiac marker + Adv.GBM
{CP or ECG or Imaging or
PCI}
Hadanny, | STEMI ACSIS & MINAP datasets |Israel, |22963 |63.5 (73 |989 10 LD, TTE |30-day RF
2021 (31) = CP + ECG + Cardiac|United
marker King-
dom
Halim, MI NCVD dataset (CP + ECG|Malaysia| 28420 [NR [NR |[3410 5 None 30-day KNN
2018 (32) + Cardiac marker)
Helgestad,| MI+ CS  |3rd Universal Definition | Denmark 220, 67.4, |74, 123, 340,|6 LD, TTE | 30-day LR
2021 (33) of MI = Cardiac marker + 716, 67.8 |75 545
{CP or ECG or imaging or 1005
PCI}
Hsieh, MI NHIRD = ICD9CM (CP + |Taiwan |3421 |64.8 [75.9 |125 4 LD, TTE | 30-day LR, DT,
2019 (34) ECG + Cardiac marker) + SVM, NN,
PCI Bayesian
Iftikhar, STEMI ECG Northern 980, 63, |76, |68,174 8,7 None 30-day, 1-|LR, DT, SVM
2020 (35) Ireland |1464 |65 |68 year
Islam, MI ESC 2020 = Cardiac|Turkey |70, 61, |77, 5,13 4 LD, TTE |In- LR
2023 (36) marker + {CP or ECG or 209 58 78 hospital
Imaging or PCI}
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EVIERH Baseline Characteristics of Included Studies Evaluating Machine Learning Models for Post-Myocardial Infarction Mortality Prediction

Author PopulationDataset & Confirmation | Country|Sampld Mean| Male | Mortality | Features| Features| Mortality | ML models
Type method Size |Age |% numbers |number |type Predic-
tion Time
Kashirina, | MI NR Russia [11326 |66 1947 6 None 1-year Adv.GBM
2020 (37)
Kashirina, | MI NR Russia |11457 |66 62 2025 4 None 30-day LR,
2021 (38) Adv.GBM
Kasim, STEMI NCVD dataset (CP + ECG|Malaysia| 1407 |72.15|75 505 6 LD In- LR, SVM, RE
2022 (39) + Cardiac marker) hospital |Adv.GBM,
NN
Kasim, STEMI NCVD dataset (CP + ECG | Malaysia| 871, |[62.2 [0 73, 256 12 ECG, LD |In- DT, SVM,
2024 (40) + Cardiac marker) 2003 hospital |KNN, RE
Adv.GBM,
AdaBoost
Khera, MI CP + ECG + Cardiac|USA 75540265 66 33237 9 ECG, LD |In- LR,
2021 (41) marker hospital |Adv.GBM,
NN
Kononova,| MI CP + ECG + Cardiac|Russia |177 46 5 LD, CAG | Long- LR, SVM, RE
2023 (42) marker + Echo term Adv.GBM
Kwon, STEMI, CP + ECG + Cardiac|South 4882, [66.4, |72, |214,257 |6 LD In- LR, RE NN
2019 (43) |NSTEMI |marker Korea |5841 |59.2 |78 hospital
Lee, 2021 |NSTEMI |[CP + ECG + Cardiac|South 4911, [66.3 |72 120, 273,|6 LD In- LR, SVM, RE
(44) marker Korea 5557, 306, 281 hospital, |Adv.GBM
7716, 1-year
8626
Lee, 2022 |MI ICD9CM (CP + ECG + Car- | USA 124031|77 48 19418 6 None 1-year LR, RF
(45) diac marker)
Li, 2020|STEMI CP + ECG + Cardiac|China 1244 |63.8 |78 185 15 LD, TTE |1-year LR, DT,
(46) marker KNN,
Bayesian,
RE Adv.GBM
Li, 2023|MI MIMIC IV=ICD9-10 (CP +|USA 4366 [63.2 |66 436 17 LD In- RE Adv.GBM
47) ECG + Cardiac marker) hospital
Li, 2024 |NSTEMI |NR China 774 76 69 40 6 LD In- LR
(48) hospital
Lin, 2024 |MI MIMIC IV=ICD9-10 (CP + | USA 595 69.4 |67 66 6 LD 30-day LR
(49) ECG + Cardiac marker)
Mohamm-| MI 4th Universal Definition |Sweden |27730, |71, |65, 10709 21 ECG, 1-year NN
ad, 2022 of MI 30971, |66 67 LD, TTE
(50) =Cardiac marker+ {CP or 111558
ECG or imaging or PCI}
Niedziela, | STEMI ECG+PCI Poland |10675, |64 57 629,210 |8 TTE 1-6 LR, NN
2021 (51) 3559 month
Oliveira, |MI ICDI9CM (CP + ECG + Car- | Portugal | 445, 65 32,218 10 LD In- LR, DT,
2023 (52) diac marker) 1749 hospital |SVM, KNN,
RE Bayesian,
Adv.GBM,
AdaBoost,
NN
Peng, MI NHIRD Taiwan [6487 |NR |NR [458 103 None 1-6 Adv. GBM
2021 (53) ICD9CM (CP + ECG + Car- month
diac marker)
Piros, MI HUMIR, ESC 2017 = CP +|Hungary| 33174 |67 60 3703, 12 ECG 30-day, 1-|LR, DT, NN
2019 (54) ECG + Cardiac marker 6548 year
Piros, MI HUMIR, ESC 2017 = CP +| Hungary| 14217, |67 60 2807, 9 LD 1-year RF
2020 (55) ECG + Cardiac marker 33174 6548
Razavi, STEMI ECG + PCI Canada |605 64.2 |71 51 9 CAG 1-year KNN, SVM
2024 (56)
Razavi, STEMI ECG + PCI Canada |605 64.2 |71 43 20 CAG 1-year RE
2025 (57) Adv.GBM,
AdaBoost
Romanov, | MI 4th Universal Definition | Romania|2035 |NR |NR |[124 6 CAG, In- RE Adv.GBM
2023 (58) of MI = Cardiac marker + TTE hospital
{CP or ECG or imaging or
PCI}
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EVIERH Baseline Characteristics of Included Studies Evaluating Machine Learning Models for Post-Myocardial Infarction Mortality Prediction

Author PopulationDataset & Confirmation | Country|Sampld Mean| Male | Mortality | Features| Features| Mortality | ML models
Type method Size |Age |% numbers |number |type Predic-
tion Time
Roudini, |MI 4th Universal Definition | Taiwan |139 63.87|74 87 6 ECG Long- LR, RE
2024 (59) of MI = Cardiac marker + term Adv.GBM,
{CP or ECG or imaging or AdaBoost
PCI}
Salman, |MI NR Czech, |787 NR |[NR |86 8 LD In- LR, DT,
2019 (60) Syria hospital |Bayesian
Shakhgel- | STEMI ECG+PCI Russia |934, 63 68 64, 254 10 LD, TTE |30-day LR, RE Clas-
dyan, 3740 sical. GBM
2024 (61)
Sherazi, STEMI, KAMIR-NIH = CP + ECG + | South 6325, [62.7, |78, (290,135 |39 ECG, LD |In- DT, RE Clas-
2023 (62) |NSTEMI | Cardiac marker Korea 6779 [65.1 |70 hospital |sical. GBM
Shetty, STEMI 4th Universal Definition | India 523, 53.8 |84 41,207 31 LD, 30-day LR, DT, RE
2022 (63) of MI = Cardiac marker + 2668 CAG, Adv.GBM,
{CP or ECG or imaging or TTE NN
PCI}
Song, MI at least 2 of {CP , ECG , |China 190, 60.86|73 9,12 5 ECG 1-6 SVM
2014 (64) Cardiac marker , Echo or 208 month
MRI}
Sritharan, | STEMI ECG+PCI Australia| 1863 [64.9 |77 128 5 TTE In- LR, DT,SVM,
2024 (65) hospital |RE Classi-
cal. GBM,
AdaBoost
Tang, STEMI ECG + PCI Russia |4677 [61.2 |72 318 8,6 LD, TTE |In- Adv.GBM
2024 (66) hospital
Tarabanis, | MI, ICD9CM (CP + ECG + Car- | USA 42965, 0, 68, | 2362 -112 ECG In- Adv.GBM
2023 (67) |STEMI, diac marker) 457096 1 22741 hospital
NSTEMI
Tindale, |STEMI ECG + Cardiac marker +|England |408 67.9 |75 112 4 LD, CAG | 30-day LR, DT,
2023 (68) PCI SVM, KNN,
RE Classi-
cal. GBM,
Adv.GBM
Tsarapatsa-MI ECG+PCI Germany 2427 |60.6 |70 106 12 LD Long- DT, SVM, RE
ni, 2023 term Adv.GBM
(69)
Vézquez, |STEMI, MIMIC III = ICD9 (CP +|USA 1299, |67.3, 65, |88,260 20 LD In- Adv.GBM
2021 (70) |NSTEMI |ECG + Cardiac marker) 2820 |72.3 |58 hospital
Wallert, MI ICD10 = CP + ECG + Car- | Sweden |20777 |68.8 |65 2284 5 LD Long- LR, SVM, RF
2017 (71) diac marker term
Wang N.,|MI MIMIC 11 = ICD9,10(CP + | USA, 1846, 62 132,245 |3 LD In- LR, KNN, RE
2022 (72) ECG + Cardiac marker) China |3010 hospital |NN
Wang Y., |MI MIMIC IV = ICD9-10 (CP |USA 2231 |72.2 |62 397 12 LD In- LR, DT,
2022 (73) + ECG + Cardiac marker) hospital |SVM, KNN,
Bayesian, RE
AdaBoost,
NN
Wang L.,|NSTEMI |[(CP + ECG + Cardiac|China 3061 |70 60 150 25-49 |ECG, In- LR, DT, SVM,
2024 (74) marker) LD, TTE |hospital |RE Classi-
cal. GBM,
AdaBoost
Xie, 2024 |MI ICD9-10(CP + ECG + Car- | USA, 3287, |66, |66, [287,853 |39 LD In- LR, RE
(75) diac marker) China |9355 |72 |68 hospital |Adv.GBM,
NN
Yan, 2025|MI NR China 491, 63 84 22,31 4 LD, TTE |Long- LR, DT, SVM,
(76) 600 term RE Classi-
cal GBM,
Adv.GBM
Yang, STEMI 3rd Universal Definition|China [9125 |65 75 621 48 ECG, In- LR, RE
2024 (77) of MI =Cardiac marker + LD, TTE | hospital |Adv.GBM
{CP or ECG or imaging or
PCI}
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EVIERH Baseline Characteristics of Included Studies Evaluating Machine Learning Models for Post-Myocardial Infarction Mortality Prediction

Author Population| Dataset & Confirmation | Country | Sample Mean| Male | Mortality | Features| Features| Mortality | ML mod-
Type method Size |[Age |% numbers |number |type Predic- |els
tion Time
Yu, 2024 |STEMI+ ESC 2020 = Cardiac|China |84, 73 |51, 17,42 5 LD, TTE |In- LR
(78) ADHF marker + {CP or ECG or 196 62 hospital
imaging or PCI}

Zhang Q.,|MI-CS MIMIC IV = ICD9-10 (CP|USA 391, 68, |62, (102,215 |13 LD 30-day LR,

2024 (79) + ECG + Cardiac marker) 570 72 |60 Bayesian,
Adv.GBM,
AdaBoost

Zhang Y., |NSTEMI |NR China |3061 |[NR |[NR |[150 24-53 |NR In- DT, SVM,

2024 (80) hospital |RE Classi-
cal. GBM

Zhao, STEMI CP + ECG + Cardiac|China 5708 |63 74 154 16 LD, CAG | In- LR, DT

2021 (81) marker hospital |SVM, RF

Zhao, STEMI ESC 2017 = CP + ECG +|China 2074, |70, (0,75 (102,246 |12 LD In- DT,

2023 (82) Cardiac marker 8158 |63 hospital |SVM, RE
Adv.GBM

Zheng, MI KAMIR-NIH = CP + ECG + |South  [11294 |[NR |NR |337 16 LD, TTE |In- LR, DT,

2023 (83) Cardiac marker Korea hospital |SVM, RE
Adv.GBM

Zheng, MI KAMIR-NIH = CP + ECG +| South 5602 |66.2 |67 200 27 LD, TTE |Long- LR, DT

2024 (84) Cardiac marker Korea term SVM, RE
Adv.GBM,
AdaBoost,
NN

Zhu, 2024 |MI CP + ECG + Cardiac|China 1196 |65 74 67 8 LD In- LR, SVM,

(85) marker hospital |RE Classi-
cal.GBM,
Adv.GBM,
NN

This table summarizes demographic, clinical, and methodological characteristics of the 69 studies included in this systematic
review and meta-analysis. Details include population type, country, sample size, mean age, sex distribution, mortality counts,
diagnostic criteria for myocardial infarction (MI), feature types used in modeling, prediction time frames, and applied

machine learning (ML) algorithms. MI diagnosis was confirmed using combinations of clinical presentation (CP), electrocardiography
(ECQ), cardiac biomarkers, imaging modalities such as transthoracic echocardiography (TTE), coronary angiography (CAG),

and administrative coding systems (ICD-9/10).

Abbreviations: MI, myocardial infarction; STEMI, ST-segment elevation MI; NSTEMI, non-ST-segment elevation MI;

CS, cardiogenic shock; ICU, intensive care unit; T2DM, type 2 diabetes mellitus; CP, clinical presentation; ECG, electrocardiography;
PCI, percutaneous coronary intervention; LD, laboratory data; CAG, coronary angiography; TTE, transthoracic echocardiography;
LR, logistic regression; RE random forest; DT, decision tree; SVM, support vector machine; KNN, k-nearest neighbors;

GBM, gradient boosting machine; Adv.GBM, advanced gradient boosting machine (e.g., XGBoost); NN, neural network; AdaBoost,
adaptive boosting; NR, not reported.
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NP Pooled Diagnostic Performance of Machine Learning Models in Predicting Mortality Following Myocardial Infarction

Model N |[Dead |Alive Prevalence | AUROC Sensitivity |Specificity [+LR (95%| -LR (95% |DOR (95%
(95% CI) (95% CI) (95% CI) CI) CD CI)

1- Logistic|72|114848 1797740 |0.06 0.86 [0.82 0.77 [0.74 0.81 [0.77 4[3.4-4.8] |0.28 [0.25 -[14[12-18]

regression 0.88] 0.80] 0.84] 0.31]

Pure LR 54 (59140 [931328 |0.06 0.86 [0.83 0.77 [0.73 0.82 [0.77 4.2[3.4-5.3]10.28 [0.24 -|15][12-20]
0.89] 0.81] 0.86] 0.32]

LR +LASSO |7

LR +Ridge |4

MLR 7

2- Single DT- |31 | 16056 | 135577 |[0.11 0.90 [0.87 0.80 [0.72 0.88 [0.79 6.9 [3.5 —|0.23 [0.15 -|30[11 - 84]

based 0.92] 0.86] 0.94] 13.6] 0.34]

3-SVM 39 |10563 |123981 [0.08 0.86 [0.83 -|0.78 [0.73 -[0.84 [0.76 -[4.7[3.3-6.9]|0.26 [0.21 -|18[11 - 30]
0.89] 0.82] 0.89] 0.32]

4- KNN 11 [4946 36539 0.12 0.85 [0.81 0.57 [0.35 0.87 [0.78 45[29-6.911049 [0.3 -[9[4-19]
0.87] 0.77] 0.93] 0.8]

5- Bayesian- |9

based

Naive Bayes |5

GNB 5

6- Random |58 {44248 |350409 [0.11 0.89 [0.86 0.76 [0.71 0.88 [0.84 6.4[4.6-8.9]|0.27 [0.22 -|24[15-38]

forest 0.91] 0.81] 0.91] 0.33]

7- Classical- |14 [ 1763 31808 [0.05 0.89 [0.86 -[0.79 [0.71 -|0.88 [0.80 -|6.7 [3.9 -[0.24 [0.18 -|28[15-52]

GBM 0.91] 0.85] 0.93] 11.4] 0.32]

GBM 6

SGB 4

GBDT 4

8- 60 (141117 | 2628485 | 0.05 0.90 [0.87 0.78 [0.74 0.87 [0.83 5.9[4.7-7.4]0.25 [0.21 -|24[17-33]

Advanced- 0.92] 0.82] 0.89] 0.30]

GBM

XGBoost 46 | 135318 |2579483 |0.05 0.89 [0.86 0.79 [0.75 0.86 [0.82 5.8[4.5-7.5]|0.24 [0.20 -|24[17-35]
0.92] 0.83] 0.90] 0.29]

LGBM 5

CatBoost 9

9- AdaBoost |11 |3172 19400 0.14 0.82 [0.79 0.67 [0.56 0.88 [0.76 5.6 [29 -|0.37 [0.28 -|15[8-30]
0.85] 0.77] 0.94] 10.9] 0.49]

10- Neural |31 |67714 [1019230 |0.06 0.86 [0.83 0.81 [0.77 0.80 [0.74 4.1[3.1-5.5]|0.24 [0.21 -[17[12-24]

Network 0.89] 0.83] 0.86] 0.28]

DNN 6

MLP 10 {2681 28672 [0.09 0.88 [0.85 -[0.81 [0.76 -|0.82 [0.75 -|4.5[3.3-6.1]1(0.24 [0.19 -|19[14-27]
0.90] 0.85] 0.87] 0.29]

Simple NN |16 [61957 |962023 |0.06 0.85 [0.81 0.79 [0.73 0.81 [0.68 4.1[2.4-7] |0.26 [0.22 -|16[8-29]
0.88] 0.83] 0.89] 0.33]

This table presents pooled performance estimates from 336 model evaluations across 69 studies, stratified by machine
learning (ML) algorithm type.
Metrics include area under the receiver operating characteristic curve (AUROC), sensitivity, specificity, positive likelihood
ratio (+LR), negative likelihood ratio (LR), and diagnostic odds ratio (DOR), all reported with 95% confidence intervals (CIs).
Estimates were calculated using a bivariate random-effects model.
Abbreviations: AUROC, area under the receiver operating characteristic curve; +LR/LR, positive/negative likelihood ratio;

DOR, diagnostic odds ratio; CI, confidence interval; LR, logistic regression; Ridge, ridge regression; LASSO, least absolute shrinkage
and selection operator; MLR, multivariable logistic regression; DT, decision tree; SVM, support vector machine; KNN, k-
nearest neighbors; GBM, gradient boosting machine; Adv.GBM, advanced GBM (e.g., XGBoost, LGBM, CatBoost);
XGBoost, extreme gradient boosting; LGBM, light gradient boosting machine; CatBoost, categorical boosting;
AdaBoost, adaptive boosting; NN, neural network; DNN, deep neural network; MLP, multilayer perceptron.
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Model/Subgroup N Sensitivity Sens. p-value | Specificity Spec. p-value | IZ [ p-value
Logistic Regression 100

ECG Data N/A

Lab Data N/A

Angiography Data + 6 0.751[0.63 - 0.86] <0.001 0.79 [0.66 - 0.92] 0.04 0 0.69
Angiography Data - 66 0.78[0.75 - 0.81] 0.81[0.77 - 0.85]

Echocardiography Data + 31 0.77[0.72 - 0.81] <0.001 0.83[0.78 - 0.88] <0.001 0 0.66
Echocardiography Data - 41 0.78 [0.74 - 0.82] 0.79 [0.74 - 0.84]

Pure LR

ECG Data + N/A

Lab Data N/A

Angiography Data + 6 0.75[0.63 - 0.87] 0.01 0.79 [0.64 - 0.94] 0.06 0 0.65
Angiography Data - 48 0.78 [0.74 - 0.81] 0.82[0.78 - 0.87]

Echocardiography Data + 21 0.76 [0.70 - 0.82] <0.001 0.85[0.79 - 0.91] 0.01 0 0.38
Echocardiography Data - 33 0.78 [0.74 - 0.83] 0.79 [0.73 - 0.85]

30 days 11 0.76 [0.68-0.84] <0.001 0.85[0.76-0.93] 0.03 0 0.77
1-6 months 2 0.83 [0.67-0.98] 0.50 0.64 [0.30-0.99] 0.17 0 0.48

1 year 5 0.63 [0.48-0.77] <0.001 0.90 [0.82-0.99] 0.56 62 |0.07
Long term 7 0.78 [0.67-0.88] 0.01 0.69 [0.52-0.86] <0.001 55 [0.11
Single DT-based 100

ECG Data + 8 0.90 [0.83 - 0.97] 0.95 0.94[0.86 - 1] 0.57 93 |<0.001
ECG Data - 22 0.74 [0.65 - 0.83] 0.86 [0.76 - 0.96]

Lab Data + 25 0.80[0.73 - 0.88] 0.55 0.91[0.84 - 0.97] 0.18 92 |<0.001
Lab Data - 5 0.76 [0.57 - 0.95] 0.71[0.36 - 1]

Angiography Data + 4 0.80 [0.62 - 0.99] 0.47 0.77[0.43 - 1] 0.43 92 [<0.001
Angiography Data - 26 0.80 [0.72 - 0.87] 0.90 [0.83 - 0.97]

Echocardiography Data + 14 0.78 [0.68 - 0.89] 0.04 0.87[0.75 - 0.99] 0.31 91 |<0.001
Echocardiography Data - 16 0.81 [0.72 - 0.90] 0.90 [0.81 - 0.99]

30 days 7 0.85 [0.75-0.96] 0.45 0.87 [0.71-1.00] 0.63 14 10.31
1-6 months N/A

1year 4 0.72 [0.49-0.94] 0.15 0.87 [0.66-1.00] 0.99 0 0.57
Long term 4 0.70 [0.45-0.94] 0.14 0.69 [0.28-1.00] 0.17 0 0.38
SVM 100

ECG Data + 7 0.86 [0.79 - 0.94] 0.16 0.7910.61 - 0.97] 0.14 92 |<0.001
ECG Data - 31 0.76 [0.71 - 0.81] 0.84 [0.78 - 0.91]

Lab Data + 32 0.78 [0.73 - 0.83] 0.12 0.85[0.78 - 0.91] 0.89 91 |<0.001
Lab Data - 6 0.74 [0.61 - 0.88] 0.76 [0.56 - 0.97]

Angiography Data + 4 0.76 [0.61 - 0.90] 0.07 0.81 [0.59 - 1] 0.48 91 |<0.001
Angiography Data - 34 0.78 [0.73 - 0.83] 0.84 [0.77 - 0.90]

Echocardiography Data + 9 0.71 [0.61 - 0.82] <0.001 0.91 [0.83 - 0.99] 0.75 92 [<0.001
Echocardiography Data - 29 0.79 [0.75 - 0.84] 0.80 [0.72 - 0.88]

30 days 4 0.73 [0.57-0.88] 0.03 0.93 [0.83-1.00] 0.64 14 10.31
1-6 months 2 0.92 [0.78-1.00] 0.28 0.81 [0.50-1.00] 0.90 0 0.43

1 year 6 0.66 [0.53-0.79] <0.001 0.88 [0.75-1.00] 0.63 57 |0.10
Long term 6 0.72[0.59-0.85] 0.01 0.65 [0.40-0.89] 0.02 64 |0.06
KNN 100

ECG Data N/A

Lab Data N/A

Angiography Data N/A

Echocardiography Data N/A

30 days 2 0.13 [0.05-0.32] 0.01 0.91 [0.80-1.00] 0.93 74 10.02
1-6 months N/A

1 year 3 0.34 [0.03-0.72] 0.19 0.95 [0.89-1.00] 0.79 48 |0.14
Long term N/A

Bayesian-based N/A

ECG Data

Lab Data

Angiography Data

Echocardiography Data

Subgroup by F/U duration

Random Forest 100

ECG Data + 7 0.92[0.86 - 0.97] 0.92 0.96 [0.92 - 1] 0.91 95 |<0.001
ECG Data - 50 0.73[0.68 - 0.78] 0.86 [0.82 - 0.91]
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Model/Subgroup N Sensitivity Sens. p-value | Specificity Spec. p-value | IZ [ p-value

Lab Data + 50 0.76 [0.71 - 0.82] 0.24 0.89 [0.85 - 0.93] 0.43 91 [<0.001

Lab Data - 7 0.73[0.58 - 0.88] 0.84 [0.70 - 0.98]

Angiography Data + 8 0.79 [0.67 - 0.91] 0.13 0.86 [0.75 - 0.98] 0.07 91 |[<0.001

Angiography Data - 49 0.76 [0.70 - 0.81] 0.88 [0.84 - 0.93]

Echocardiography Data + 19 0.78 [0.70 - 0.86] 0.01 0.85[0.77 - 0.93] <0.001 92 |<0.001

Echocardiography Data - 38 0.75[0.69 - 0.81] 0.89 [0.85 - 0.94]

30 days 8 0.71 [0.56-0.85] 0.03 0.86 [0.74-0.98] 0.06 0 0.64

1-6 months N/A

1 year 10 0.67 <0.001 0.89 0.06 19 0.29
[0.53-0.8]] [0.80-0.98]

Long term 7 0.83 [0.71-0.94] 0.30 0.74 [0.54-0.94] 0.01 60 [0.08

Classical GBM 100

ECG Data + 3 0.77 [0.64 - 0.90] 0.13 0.98 [0.95 - 1] 0.31 92 [<0.001

ECG Data - 10 0.77 [0.69 - 0.85] 0.82 [0.74 - 0.90]

Lab Data N/A

Angiography Data N/A

Echocardiography Data + 9 0.79[0.71 - 0.87] 0.23 0.81[0.72 - 0.91] <0.001 93 [<0.001

Echocardiography Data - 4 0.74 [0.61 - 0.87] 0.96 [0.93 - 1]

30 days 3 0.75 [0.60-0.91] 0.08 0.83 [0.65-1.00] 0.26 0 0.59

1-6 months N/A

1 year N/A

Long term 2 0.93 [0.85-1.00] 0.33 0.70 [0.38-1.00] 0.09 64 [0.06

Advanced GBM 100

ECG Data + 14 0.82 [0.74 - 0.89] 0.01 0.84 [0.77 - 0.91] <0.001 0 0.48

ECG Data - 46 0.77 [0.72 - 0.82] 0.87[0.84 - 0.91]

Lab Data N/A

Angiography Data + 8 0.83 [0.73 - 0.93] 0.08 0.86 [0.77 - 0.95] <0.001 0 0.66

Angiography Data - 52 0.78 [0.73 - 0.82] 0.87 [0.84 - 0.90]

Echocardiography Data + 16 0.83 [0.76 - 0.89] 0.01 0.90 [0.86 - 0.95] <0.001 59 [0.09

Echocardiography Data - 44 0.77 [0.72 - 0.82] 0.85[0.81 - 0.89]

30 days 7 0.74 [0.61-0.88] 0.02 0.81 [0.70-0.93] <0.001 0 0.42

1-6 months 1 0.56 [0.11-1.00] 0.25 0.83 [0.54-1.00] 0.82 0 0.49

lyear 8 0.66 <0.001 0.90 0.02 58 0.09
[0.51-0.80] [0.84-0.97]

Long term 6 0.79 [0.66-0.93] 0.11 0.72 [0.56-0.88] <0.001 62 [0.07

XGBoost 100

ECG Data + 14 0.82[0.75 - 0.88] <0.001 0.84 [0.77 - 0.92] <0.001 0 0.6

ECG Data - 32 0.78 [0.73 - 0.83] 0.87[0.83 - 0.91]

Lab Data N/A

Angiography Data + 5 0.86 [0.76 - 0.95] 0.21 0.89 [0.80 - 0.98] 0.13 4 0.35

Angiography Data - 41 0.78 [0.74 - 0.83] 0.86 [0.82 - 0.90]

Echocardiography Data + 11 0.82[0.74 - 0.90] 0.01 0.90 [0.84 - 0.95] 0.01 15 [0.31

Echocardiography Data - 35 0.78 [0.73 - 0.83] 0.85[0.81 - 0.89]

30 days 3 0.76 [0.58-0.94] 0.13 0.79 [0.59-0.99] 0.10 0 0.58

1-6 months 1 0.56 [0.16-0.96] 0.16 0.83 [0.54-1.00] 0.88 0 0.37

1 year 6 0.68 <0.001 0.89 0.08 40 0.19
[0.54-0.88] [0.81-0.97]

Long term 5 0.81 [0.68-0.94] 0.12 0.73 [0.55-0.91] <0.001 45 10.16

AdaBoost 100

ECG Data + 3 0.74 [0.56 - 0.91] 0.92 0.88[0.70 - 1] 0.93 0 0.65

ECG Data - 8 0.65 [0.52 - 0.77] 0.88[0.78 - 0.98]

Lab Data + 8 0.64 [0.52 - 0.76] 0.14 0.91 [0.84 - 0.99] 0.24 0 0.37

Lab Data - 3 0.75 [0.58 - 0.92] 0.74[0.45 - 1]

Angiography Data N/A

Echocardiography Data + 4 0.68 [0.51 - 0.85] 0.56 0.92[0.82 - 1] 0.67 0 0.55

Echocardiography Data - 7 0.66 [0.53 - 0.80] 0.85[0.72 - 0.98]

Subgroup by F/U duration N/A

Neural Networks 100

ECG Data + 6 0.78 [0.71 - 0.85] <0.001 0.78 [0.63 - 0.93] 0.08 0 0.57

ECG Data - 25 0.81 [0.78 - 0.84] 0.81 [0.75 - 0.87]

Lab Data + 26 0.80 [0.77 - 0.83] <0.001 0.83 [0.78 - 0.88] 0.59 58 [0.09

Lab Data - 5 0.83 [0.77 - 0.90] 0.62 [0.42 - 0.82]
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Model/Subgroup N Sensitivity Sens. p-value | Specificity Spec. p-value | IZ [ p-value
Angiography Data + 3 0.80 [0.70 - 0.91] 0.01 0.83 [0.66 - 1] 0.56 0 0.96
Angiography Data - 29 0.81 [0.77 - 0.84] 0.80 [0.74 - 0.86]

Echocardiography Data + 14 0.80 [0.75 - 0.85] <0.001 0.83[0.75 - 0.91] 0.08 0 0.72
Echocardiography Data - 17 0.81 [0.77 - 0.85] 0.78 [0.70 - 0.87]

Subgroup by F/U duration N/A

MLP N/A 99

ECG Data

Lab Data

Angiography Data

Echocardiography Data

Subgroup by F/U duration N/A

Simple NN 100

ECG Data + 6 0.78 [0.71 - 0.86] <0.001 0.78 [0.59 - 0.97] 0.37 0 0.88
ECG Data - 10 0.79[0.73 - 0.85] 0.83 [0.70 - 0.95]

Lab Data + 11 0.76 [0.70 - 0.82] <0.001 0.87[0.78 - 0.95] 0.26 53 |0.12
Lab Data - 5 0.83[0.76 - 0.90] 0.62[0.37 - 0.88]

Angiography Data N/A

Echocardiography Data N/A

Subgroup by F/U duration N/A

This table shows pooled sensitivity and specificity values for machine learning (ML) models stratified by the inclusion of

clinical data types-electrocardiography (ECG), laboratory data (Lab), angiography, and echocardiography-and by follow-up
durations (30 days, 1-6 months, 1 year, long-term). Estimates were generated using bivariate random-effects meta-
analysis. Subgroup differences were assessed using p-values and heterogeneity was quantified using I? statistics.

Abbreviations: Sens, sensitivity; Spec, specificity; CI, confidence interval; I2, inconsistency index; p-value, probability value;
F/U, follow-up; ECG, electrocardiography; Lab, laboratory data; DT, decision tree; LR, logistic regression;
SVM, support vector machine; KNN, k-nearest neighbors; GBM, gradient boosting machine; Adv.GBM, advanced gradient

boosting machine; NN, neural network; MLP, multilayer perceptron; Simple NN, simple neural network; N/A, not applicable.

eV Y GRADE Assessment of Certainty of Evidence for Diagnostic Accuracy of Machine Learning Models

ML Model Risk of Bias Inconsistency |Indirectness |Imprecision Publication Bias | Overall Certainty
Logistic Regression | Not Serious (0) |Serious (1) Not Serious (0) | Not Serious (0) | Serious (1) Low
Single DT-based Not Serious (0) |Serious (1) Not Serious (0) |Serious (1) Not Serious (0) Low
SVM Not Serious (0) | Serious (1) Not Serious (0) |Not Serious (0) | Not Serious (0) Moderate
KNN Not Serious (0) | Very Serious (2) |Not Serious (0) |Serious (1) Serious (1) Very Low
Bayesian-based Not Serious (0) | Very Serious (2) |Not Serious (0) [N/A Not Serious (0) Very Low
Random Forest Not Serious (0) |Serious (1) Not Serious (0) | Not Serious (0) | Serious (1) Low
Classical GBM Not Serious (0) |Serious (1) Not Serious (0) |Serious (1) Not Serious (0) Low
Advanced GBM Not Serious (0) | Serious (1) Not Serious (0) |Not Serious (0) | Not Serious (0) Moderate
AdaBoost Not Serious (0) | Very Serious (2) |Not Serious (0) |Serious (1) Serious (1) Very Low
Neural Networks Not Serious (0) | Very Serious (2) |Not Serious (0) |Not Serious (0) | Not Serious (0) Low

Certainty of evidence for the diagnostic accuracy of machine learning (ML) models was appraised using the GRADE framework,
assessing five domains: risk of bias, inconsistency, indirectness, imprecision, and publication bias. Each domain was graded as
not serious (0), serious (1), or very serious (2), yielding an overall certainty rating (high, moderate, low, very low) for each

model class.

Abbreviations: GRADE, Grading of Recommendations Assessment, Development and Evaluation; DT, decision tree; SVM, support
vector machine; KNN, k-nearest neighbors; GBM, gradient boosting machine; Adv.GBM, advanced gradient boosting machine
(e.g., XGBoost); AdaBoost, adaptive boosting; N/A, not applicable.
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Identification of studies via databases and registers Identification of studies via other methods
§ Records removed before Records identified from:
§ Records identified from*: _ screening: Websites (n = 0)
= Databases (n = 14933) > Duplicate records removed (n Organisations (n = 0)
E =5213) Citation searching (n = 0)
e} etc.
Records screened Records excluded**
F——>»
(n=9720) (n =9390)
; Reports not retrieved - Reports
L (Fiesoe)r;%)sought for retrieval > (-0 :?nef%r;s sought for retrieval not
g retrieved
< A
: ! !
b Reports excluded (n = 261)
Reports assessed for eligibility Mixed population (n =134) Reports assessed for Reports
L3230 > Pop liaibility (n = 0 — | excluded:
(n ) Mortality not assessed (n = 31) eligibility (n = 0) (n=0)
Irrelevant studies (n = 28)
Metrics not reported (n = 28)
Abstracts/Incomplete (n = 25)
Duplicate article or data (n = 12)
Unique ML models (n = 3)
- Studies included in review and
3 synthesis
=
2 | o=e9

PRISMA flow diagram depicting study selection process. the diagram outlines the screening and selection process for the included
studies. From 14,933 initial records, 5,213 duplicates were excluded. After screening titles and abstracts of 9,720 records, 330 full texts were
assessed for eligibility, resulting in the inclusion of 69 studies in the final meta-analysis. Reasons for full-text exclusions included mixed pop-
ulations (n=134), non-mortality outcomes (n=31), irrelevant topics (n=28), insufficient reporting (n=28), incomplete reports (n=25), duplicate
data (n=12), and ineligible ML models (n=3). Abbreviations: PRISMA, Preferred Reporting Items for Systematic Reviews and Meta-Analyses;
ML, machine learning.
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Studyld SENSITIVITY (95% CI) Studyld SPECIFICITY (95% Cl)
Zhu/2024 0.88[0.78 - 0.95] Zhu/2024 0.87 [0.84 - 0.88
Zheng/2024 0.62[0.54 - 0.68] Zheng/2024 . 0.61[0.60 - 0.63
Zheng/2023 0.70[0.65 - 0.75] Zheng/2023 0.70 [0.69 - 0.71
Zhao/2023 0.65[0.55 - 0.74] Zhao/2023 0.83[0.81-0.85
Zha0/2023 0.740.68 - 0.79] Zhao/2023 0.74[0.73 - 0.75
Zhang Q./2024 0.77[0.71 - 0.82] Zhang Q12024 0.79[0.74 - 0.83
Yang/2024 0.85[0.82 - 0.88] Yang/2024 0.80[0.79 - 0.81
Xie/2024 0.81[0.78 - 0.84] Xiel2024 0.71[0.70 - 0.72
Xie/2024 0.57 [0.54 - 0.60] Xie/2024 0.89 [0.88 - 0.90
Xie/2024 0.82[0.79 - 0.84] Xie/2024 0.69[0.68 - 0.70
Xie/2024 0.74[0.68 - 0.79] Xie/2024 0.78 [0.76 - 0.79
Xie/2024 0.52[0.46 - 0.58] Xiel2024 0.89 [0.88 - 0.90
Xie/2024 0.74 [0.68 - 0.79] Xie/2024 0.77 [0.75 - 0.78,
Vazquez/2021 0.83[0.78 - 0.87] Vazquez/2021 0.87 [0.86 - 0.88
Vazquez/2021 0.94 [0.87 - 0.98] Vazquez/2021 0.87 [0.85 - 0.89
Tsarapatsani/2023 0.70 [0.60 - 0.78] Tsarapatsani/2023 0.69 [0.67 - 0.71
Tindale/2023 0.840.76 - 0.90] Tindale/2023 0.72[0.66 - 0.77
Tarabanis/2023 0.75[0.74 - 0.76] Tarabanis/2023 0.82[0.82 - 0.82
Tarabanis/2023 0.82[0.81 - 0.82] Tarabanis/2023 0.85 [0.84 - 0.85
Tarabanis/2023 0.820.80 - 0.83] Tarabanis/2023 0.82[0.81 - 0.82
Tarabanis/2023 0.87[0.86 - 0.88] Tarabanis/2023 0.87 [0.87 - 0.87
Tarabanis/2023 0.78[0.78 - 0.79] Tarabanis/2023 0.84 [0.84 - 0.84
Tarabanis/2023 0.83[0.82 - 0.84] Tarabanis/2023 0.87 [0.87 - 0.87,
Tarabanis/2023 0.86 [0.86 - 0.87] Tarabanis/2023 0.85[0.85 - 0.85
Tarabanis/2023 0.81[0.80 - 0.82] Tarabanis/2023 0.82[0.82 - 0.83
Tarabanis/2023 0.83[0.83 - 0.84] Tarabanis/2023 0.85[0.85 - 0.85
Tang/2024 1.00 [0.98 - 1.00) Tang/2024 0.98[0.97 - 0.98
Tang/2024 1.00 [0.98 - 1.00) Tang/2024 0.99[0.99 - 0.99
Shetty/2022 0.76 [0.60 - 0.88] Shetty/2022 0.80 [0.76 - 0.84;
Shetty/2022 0.74 [0.67 - 0.80] Shetty/2022 0.80[0.78 - 0.82
Roudini/2024 0.82[0.72 - 0.89] 0.67 [0.53 - 0.80
Romanov/2023 0.81[0.73 - 0.87] Romanov/2023 0.99[0.99 - 1.00
Razavil2025 0.79[0.64 - 0.90] Razavi/2025 0.78
Razavi/2025 0.81[0.66 - 0.91 Razavi/2025 0.75
Oliveira2023 0.50 [0.32 - 0.68] Oliveira/2023 0.99
Oliveira2023 0.60 [0.53 - 0.67] Oliveira/2023 0.93
Mingxuan/2023 0.900.74 - 0.98] Mingxuan/2023 0.68
Mingxuan/2023 0.86 [0.65 - 0.97] Mingxuan/2023 0.68
Li;2023 0.89[0.86 - 0.92] L2023 0.88
Lir2023 0.92[0.89 - 0.94] L2023 0.92
Li;2020 0.60 [0.53 - 0.67} L2020 0.99
Lee/2021 0.85[0.80 - 0.88] Leel2021 0.72
Lee/2021 0.80[0.75 - 0.85] Lee/2021 0.79
Lee/2021 0.66 [0.57 - 0.74] Leel2021 0.78
Lee/2021 0.840.79 - 0.88] Lee/2021 0.85
Kononova/2023 0.80[0.66 - 0.91 Kononova/2023 0.91
Khera/2021 0.45[0.44 - 0.46} Khera/2021 0.98
Kasim/2024 0.77[0.65 - 0.86} Kasim/2024 0.81
Kasim/2022 0.68[0.64 - 0.72] Kasim/2022 0.89
Kashirina/2021 0.70 [0.68 - 0.72] Kashirina/2021 0.85
Kashirina’2020 0.68 [0.66 - 0.70] Kashirina/2020 0.75
Gupta/2024 0.63[0.56 - 0.70] Gupta/2024 0.85
Gupta/2024 0.73[0.67 - 0.79] Gupta/2024 0.86
Ghafari/2023 0.94 [0.91 - 0.97] Ghafari/2023 0.69
Cheng Peng/2021 0.56 [0.51 - 0.61 Cheng Peng/2021 0.83
Chen/2024 0.95[0.89 - 0.98] Chen/2024 0.80
Chen/2023 0.52[0.36 - 0.68] Chen/2023 0.95
Chen/2023 0.52[0.36 - 0.68] Chen/2023 0.97 [0.95 - 0.9
Bai/2021 0.41[0.30 - 0.51 Bai/2021 0.98 [0.96 - 0.99)
Bai/2021 0.33[0.23 - 0.44] Bai/2021 0.98[0.97 - 0.99
COMBINED 0.78[0.74 - 0.82] COMBINED 0.87[0.83 - 0.89]
Q=17911.49, df = 59.00, p = 0.00 Q= 1.1e+05, df =59.00, p = 0.00
12 = 99.67 [99.65 - 99.69] 12 = 99.95 [99.94 - 99.95]

SENSITIVITY

SPECIFICITY

Prognostic accuracy of advanced gradient boosting machines. A: presents the summary receiver operating characteristic (SROC)
curve for advanced gradient boosting machines (GBM), including XGBoost, showing pooled sensitivity of 0.78 (95% CI: 0.74-0.82), specificity
0f0.87 (95% CI: 0.83-0.89), and an AUC of 0.90 (95% CI: 0.87-0.92). The solid contour represents the 95% confidence region; the dashed contour
marks the 95% prediction region. B: Presents the sensitivity and specificity estimates for individual studies and their contribution to the pooled

analysis, demonstrating substantial heterogeneity (12 > 90%, p < 0.001).
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Risk of Bias and Applicability Concerns in Included Studies based on QUAPAS tool. A: shows risk of bias across five domains (Partici-
pants, Index Test, Outcome, Flow and Timing, and Analysis), with most studies rated as low risk except for concerns in the Participants domain.

B: illustrates the applicability of each study to clinical practice, with minimal concerns observed across domains.
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