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ABSTRACT
Background: Heart failure is a significant complication in diabetic patients, and machine learning algorithms offer potential 
for early prediction. This systematic review and meta-analysis evaluated the diagnostic performance of ML models in predicting 
HF among diabetic patients.
Methods: We searched PubMed, Web of Science, Embase, ProQuest, and Scopus, identifying 2830 articles. After deduplication 
and screening, 16 studies were included, with 7 providing data for meta-analysis. Study quality was assessed using PROBAST+AI. 
A bivariate random-effects model (Stata, midas, metadta) pooled sensitivity, specificity, likelihood ratios, and diagnostic odds 
ratio (DOR) for best-performing algorithms, with subgroup analyses. Heterogeneity (I2) and publication bias were assessed.
Results: This meta-analysis of seven studies evaluating machine learning models for heart failure detection demonstrated a pooled 
sensitivity of 84% (95% CI: 0.75–0.90), specificity of 86% (95% CI: 0.56–0.97), and an area under the ROC curve of 0.90 (95% CI: 0.87–
0.93). The pooled positive likelihood ratio was 6.6 (95% CI: 1.2–35.9), and the negative likelihood ratio was 0.17 (95% CI: 0.08–0.36), 
with a diagnostic odds ratio of 39 (95% CI: 4–423). Significant heterogeneity was observed, primarily related to differences in study 
populations, machine learning algorithms, dataset sizes, and validation methods. No significant publication bias was detected.
Conclusion: Machine learning models demonstrate promising diagnostic accuracy for heart failure detection and have the 
potential to support early diagnosis and risk assessment in clinical practice. However, considerable heterogeneity across studies 
and limited external validation highlight the need for standardised development, prospective validation, and improved interpret-
ability of ML models to ensure their effective integration into healthcare systems.

1   |   Introduction

Heart failure (HF) is a serious cardiovascular complication in 
patients with type 2 diabetes mellitus (T2DM), often driven 
by poor glycemic control, coronary artery disease, and age-
ing [1]. In diabetic populations, markers like HbA1c and fast-
ing glucose are important predictors of HF [2]. They reflect 

underlying mechanisms such as insulin resistance and diabetic 
cardiomyopathy [3]. Among patients with T2DM, about 3.5% 
are hospitalised for HF over 360,258 person-years, correspond-
ing to 5.2 events per 1000 person-years [4]. The cumulative 5-
year event rate reaches 2.0%, highlighting the urgent need for 
early risk identification [3]. Risk scores that include factors 
like systolic blood pressure, BMI, and eGFR have shown good 
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discrimination for predicting HF at 5 and 10 years [5]. High-risk 
groups may face up to a 15-fold increase in HF risk compared to 
individuals with normal glucose levels [2]. Yet, despite reason-
able calibration, these traditional models perform modestly in 
prediabetic populations and often fail to account for dynamic 
risk factors such as fluctuations in glycemic control or medica-
tion use [6].

Machine learning (ML) algorithms offer a promising alterna-
tive, leveraging advanced pattern recognition to address the lim-
itations of traditional statistical approaches [7]. Unlike basic risk 
scores, ML models can integrate high-dimensional data such as 
HbA1c variability, renal biomarkers, and prior cardiovascular 
events to enhance predictive accuracy [8]. Given the wide vari-
ation in HF risk across age groups and risk categories, there is 
a clear need for better tools to support early detection and risk 
stratification in diabetes care.

This systematic review and meta-analysis holds significant 
importance in advancing the field of HF prediction in diabetic 
patients by providing the comprehensive synthesis of ML-based 
diagnostic performance. While individual studies have demon-
strated ML's potential, the lack of a unified evaluation has hin-
dered clinical adoption. By pooling data across diverse studies, 
our work quantifies ML's diagnostic accuracy and compares it to 
traditional methods, addressing gaps in understanding hetero-
geneity and generalisability.

2   |   Method

2.1   |   Search Strategy

The study protocol is registered at osf.io/5bcfd/ (Open Science 
Framework) and we adhered to Preferred Reporting Items for 
Systematic Review and Meta-analyses Protocols (PRISMA) [9]. 
We systematically searched five electronic databases—PubMed, 
Web of Science (WoS), Embase, ProQuest, and Scopus—for rel-
evant studies published up to June 13, 2025. The search strategy 
combined terms related to machine learning, heart failure, and 
diagnostic accuracy, with no language restrictions applied. A 
total of 2830 articles were identified and after removing dupli-
cates, 1527 unique articles were screened. Full search syntax for 
different databases is available in Table S1.

2.2   |   Study Selection

The screening process involved two stages. First, titles and ab-
stracts of 1527 articles were independently reviewed by two inves-
tigators to assess eligibility based on predefined inclusion criteria: 
studies reporting diagnostic performance metrics (e.g., sensitiv-
ity, specificity, accuracy) of machine learning algorithms for HF 
prediction in adults using a test set with defined cases (HF) and 
controls (no HF). Discrepancies were resolved by consensus or 
consultation with a third reviewer. This initial screening yielded 
20 articles selected for full-text review. In the second stage, full 
texts were evaluated for data availability, methodological quality, 
and relevance to the meta-analysis objectives. Studies lacking suf-
ficient data (e.g., contingency tables or derivable metrics) or not 
meeting quality standards were excluded. Ultimately, 16 articles 

were included in the study, of which 7 provided adequate data for 
quantitative synthesis in the meta-analysis (Figure 1).

2.3   |   Data Extraction

Data extraction was performed independently by two reviewers, 
capturing study characteristics (algorithm type, sample size, HF 
prevalence), performance metrics (sensitivity, specificity, accu-
racy), and test set details (cases and controls).

2.4   |   Quality Assessment

Quality assessment of the included studies was conducted using 
the PROBAST + AI tool, tailored for prediction model studies 
incorporating artificial intelligence [10]. This tool evaluated 
the risk of bias and applicability across domains such as par-
ticipant selection, predictors, outcomes, and analysis, ensur-
ing the robustness of the meta-analysis. Studies were assessed 
independently by two reviewers, with disagreements resolved 
through discussion.

2.5   |   Statistical Analysis

Statistical analysis was performed using Stata version 18 with 
the midas and metadta packages. We employed a bivariate 
random-effects model to pool sensitivity, specificity, positive 
likelihood ratio (LR+), negative likelihood ratio (LR−), and di-
agnostic odds ratio (DOR) across studies, accounting for the 
correlation between sensitivity and specificity. The summary 
receiver operating characteristic (SROC) curve and area under 
the curve (AUROC) were estimated to assess overall diagnos-
tic accuracy. Heterogeneity was evaluated using the I2 statistic 
and χ2 test (Q statistic), with I2 values interpreted as low (< 25%), 
moderate (25%–50%), or substantial (> 50%). Publication bias 
was assessed using a regression-based test for small-study effects 
(Deeks' method). For meta-regression analysis, a random-effects 
meta-regression was conducted to explore the impact of machine 
learning model type on diagnostic performance. The Restricted 
Maximum Likelihood (REML) method was employed, with 
within-study standard errors specified for the log DOR estimates.

2.6   |   Generative AI

In the preparation of this article, the authors utilised the 
Grammarly application to enhance linguistic accuracy and clar-
ity. The manuscript underwent meticulous double-checking to 
ensure precision, and the authors assume full responsibility for 
the integrity and originality of the content presented herein.

3   |   Result

3.1   |   Study Characteristics

This systematic review included 16 studies published between 
2019 and 2025. The majority were observational studies (75%), 
with the remainder comprising clinical trials (12.5%), cohort 
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studies (6.25%), and cross-sectional studies (6.25%). The studies 
were conducted across a diverse range of countries, including the 
USA, Canada, Italy, Japan, South Korea, Australia, Uzbekistan, 
Poland, Spain, Hong Kong, and Sweden.

Validation methods varied among studies. Most used internal 
validation, with 81.25% employing k-fold cross-validation (pre-
dominantly 5- or 10-fold), while a smaller proportion (18.75%) 
used split-sample validation or external cohorts. Only a few 
studies incorporated robust external validation, which may in-
fluence the generalisability of the results.

The included models were trained and validated on a combined 
total of 845,816 participants in training sets, 237,747 in valida-
tion sets, and 122,118 in test sets. The dataset sizes ranged from 
fewer than 100 participants to large-scale populations exceed-
ing 600,000 individuals. Approximately 31% of studies analysed 
datasets larger than 100,000 participants, whereas 38% used 
datasets with fewer than 10,000 participants.

Predictors most commonly included demographics (age, sex), 
clinical variables (comorbidities, vital signs), laboratory data 
(biomarkers, electrolytes, blood indices), medication histories, 
and diagnostic codes. Several studies also used advanced pre-
dictors, such as composite risk indices, electrocardiographic 
parameters, and disease-specific biomarkers, reflecting a broad 
spectrum of clinical data inputs.

The median follow-up duration across studies was 47.4 months, 
though 37.5% of studies did not report follow-up times explic-
itly. This variation in follow-up likely contributed to differ-
ences in outcome definitions and model performance across 
studies.

Patient characteristics were inconsistently reported. However, 
the calculated mean age of participants was 50.8 years, and the 
average proportion of male participants was 53.1%, which aligns 
with typical heart failure demographics but highlights variabil-
ity among study populations.

FIGURE 1    |    PRISMA flowchart for study screening and selection.
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A wide variety of machine learning algorithms were tested, 
with each study evaluating multiple models. The most fre-
quently selected best-performing algorithms were Random 
Forest (18.8%) and Gradient Boosting (XGBoost) (18.8%), 
followed by Random Survival Forest (12.5%) and other mod-
els including Neural Networks, Deep Learning with GRU, 
Proportional Hazards Neural Networks, Stacked Models, 
Multinomial Logistic Regression, Explainable Boosting 
Machine, Light Gradient Boosting Machine, and Stochastic 
Gradient Boosting (each selected in 6.2% of studies). These re-
sults reflect the diverse algorithmic landscape in ML-based 
heart failure prediction research. Detailed study characteris-
tics are available in Table 1.

3.2   |   Pooled Analysis of Best-Performing Models

In this analysis, we used the best-performing machine learn-
ing model from each study, as reported by the original authors. 
Detailed performance metrics for different models are shown in 
Table 2. The pooled analysis demonstrated a sensitivity of 0.84 
(95% CI: 0.75–0.90) and a specificity of 0.86 (95% CI: 0.56–0.97), 
based on a random-effects model. These findings indicate a gen-
erally high level of diagnostic performance across the included 
studies. However, significant heterogeneity was observed, with 
an (I2) of 83.17 for sensitivity and 87.77 for specificity, reflect-
ing considerable differences in study outcomes (Figure  2). 
Additional pooled diagnostic performance metrics further un-
derscored the strong potential of ML models in detecting heart 
failure. The pooled area under the receiver operating character-
istic curve (AUROC) was 0.90 (95% CI: 0.87–0.93), suggesting 
excellent discriminatory power of these models in distinguish-
ing patients with heart failure from those without the condition 
(Figure 3). The positive likelihood ratio (PLR) was 6.6 (95% CI: 
1.2–35.9), indicating that individuals with heart failure were 
approximately 6.6 times more likely to have a positive test re-
sult from the ML models compared to individuals without heart 
failure. This level of PLR suggests that the models may have 
clinical utility in confirming a diagnosis of heart failure when 
test results are positive. The negative likelihood ratio (NLR) 
was 0.17 (95% CI: 0.08–0.36), a low value that implies a strong 
potential for ruling out heart failure when the ML test result is 
negative. Furthermore, the diagnostic odds ratio (DOR) was 39 
(95% CI: 4–423), reflecting a high overall diagnostic effective-
ness, although the wide confidence interval suggests variability 
across the studies. These findings demonstrate that ML models 
hold strong potential for clinical application in heart failure de-
tection. The high sensitivity and low negative likelihood ratio 
support their use as screening tools, aiding in the early detection 
of heart failure and potentially reducing the risk of missed diag-
noses. The high specificity and positive likelihood ratio suggest 
they may also be effective for confirming heart failure when 
used in conjunction with clinical assessment. The AUROC of 
0.90 reflects excellent overall discriminative performance. 
Despite these promising results, the significant heterogeneity 
highlights the need for further standardisation and validation 
of ML models across diverse clinical populations and healthcare 
settings. Before widespread adoption into clinical practice, rig-
orous external validation and careful integration into diagnostic 
workflows will be essential to ensure reliable performance in 
real-world scenarios.

3.3   |   Heterogeneity Analysis

To examine the robustness of these pooled results, a leave-one-
out sensitivity analysis was performed. The pooled sensitivity 
remained relatively stable, ranging between 0.80 and 0.86, re-
gardless of which study was excluded. This indicates that no 
single study had an undue influence on the overall findings. 
However, heterogeneity assessments revealed that exclusion of 
the study by Sang et al. (2024) resulted in a substantial reduction 
in the Q statistic to 76.16, suggesting that this study contributed 
significantly to the observed heterogeneity. Conversely, remov-
ing the study by Wändell et  al. (2025) slightly increased the 
between-study variance, likely because the large sample size of 
this study helped to stabilise the overall meta-analytic estimates.

In an effort to explore potential sources of heterogeneity, meta-
regression analyses were conducted using algorithm type and 
country of origin as moderators. The meta-regression examin-
ing algorithm type did not yield statistically significant results 
(p = 0.080), although the model explained a large portion of the 
variance (R2 = 0.96). Similarly, meta-regression using coun-
try of study as a moderator showed no significant association 
with sensitivity (p = 0.074), with the model accounting for 87% 
of variance (R2 = 0.87). These findings suggest that neither the 
type of machine learning algorithm nor the country in which 
the study was conducted sufficiently explained the heterogene-
ity observed among the included studies.

Publication bias was assessed using Egger's regression test ap-
plied to the sensitivity estimates. The test yielded a p-value of 
0.59, indicating no statistically significant evidence of publica-
tion bias (Figure 4). However, given the limited number of in-
cluded studies, the power to detect bias was inherently low, and 
the possibility of unrecognised bias cannot be entirely excluded.

3.4   |   Quality Assessment

The quality of the included studies was evaluated using the 
PROBAST-AI tool, focusing on three key domains: develop-
ment, evaluation, and application. In the development domain, 
75% of studies were assessed as having a low risk of bias, while 
25% showed a moderate risk. The evaluation domain showed a 
greater proportion of concern, with 56% of studies rated as hav-
ing a moderate risk of bias and 44% rated as low risk. The appli-
cation domain reflected strong methodological adherence, with 
94% of studies rated as low risk and only 6% as moderate risk. 
Overall, 56% of the studies were considered at high risk of bias 
when all domains were combined, while 44% were judged to be 
at low overall risk (Figure 5). These findings highlight method-
ological variability among the included studies, particularly in 
the evaluation phase, underscoring the need for more rigorous 
validation practices in future research.

3.5   |   GRADE Assessment

The certainty of evidence for the diagnostic performance of ma-
chine learning models assessed using the GRADE framework. 
The pooled sensitivity and specificity estimates were high; how-
ever, the overall certainty of evidence was rated as low due to 
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several factors. The primary reason for downgrading was the 
high heterogeneity observed across studies, which raises con-
cerns about the consistency and generalisability of the findings. 
Additionally, despite no significant publication bias detected by 
Egger's test, the small number of studies limits the confidence 
in this assessment, warranting a further downgrade for poten-
tial reporting bias. The indirectness of evidence was considered 
low since most studies directly addressed the clinical question. 
However, variability in study design, model types, and external 
validation approaches contributed to concerns about applicabil-
ity. Imprecision was also noted, particularly for specificity and 
diagnostic odds ratio estimates, reflected by wide confidence 

intervals. Taken together, these factors led to an overall low cer-
tainty of evidence, suggesting that while the findings are prom-
ising, further high-quality, standardised studies are needed to 
strengthen the confidence in the clinical applicability of ML 
models for heart failure detection.

4   |   Discussion

Analysis of the best-performing ML models for heart failure de-
tection showed a pooled sensitivity of 0.84 (95% CI: 0.75–0.90) 
and specificity of 0.86 (95% CI: 0.56–0.97), with an AUROC of 
0.90 (95% CI: 0.87–0.93). These results suggest that the models 
can correctly identify 84% of patients with heart failure and ac-
curately exclude 86% without it. The positive likelihood ratio of 
6.6 (95% CI: 1.2–35.9) indicates a substantial increase in disease 
probability after a positive test, supporting their role in screen-
ing and diagnostic confirmation. Conversely, the negative like-
lihood ratio of 0.17 (95% CI: 0.08–0.36) means a negative result 
considerably lowers the likelihood of heart failure, aiding in its 
exclusion. The diagnostic odds ratio of 39 (95% CI: 4–423) un-
derscores the strong overall discriminatory power of these ML 
models, highlighting their potential utility in clinical decision-
making for heart failure management.

The considerable heterogeneity observed among the included 
studies likely stems from differences in study populations, ma-
chine learning algorithms used, dataset sizes, and validation 
methods. Variability in patient populations—including age, 
comorbidities, disease prevalence, and diagnostic criteria—can 
influence both model performance and outcome measures, mak-
ing direct comparison difficult. The choice of ML algorithms 
also contributes, as different models such as random forests, 
boosting methods, or support vector machines differ in learning 
approaches, risk of overfitting, and handling of data complex-
ity, all of which affect diagnostic accuracy. Additionally, the size 

FIGURE 2    |    Forest plot for pooled sensitivity and specificity of Best-Performing Models.

FIGURE 3    |    SROC curve of Best-Performing Models.
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of datasets impacts both model training and evaluation, with 
smaller datasets increasing the risk of overfitting and produc-
ing less reliable results, while larger datasets generally enhance 
model stability and generalisability. Finally, the validation 
methods used across studies vary widely, ranging from internal 
validation to external testing on independent cohorts, directly 
influencing performance estimates. These methodological and 
clinical differences collectively contribute to the high hetero-
geneity observed and highlight the importance of standardised 
protocols, consistent validation strategies, and diverse patient 
inclusion in future ML research for heart failure detection.

Currently, despite the growing body of research on machine 
learning models for heart failure prediction, their translation 
into routine clinical practice remains limited. Most studies have 
focused on algorithm development and internal validation, 
with little emphasis on how these models could be embedded 
into everyday healthcare workflows. Segar et al. reported that a 
Random Survival Forest (RSF) model outperformed traditional 
methods, showing stronger predictive accuracy for heart fail-
ure with reduced ejection fraction (HFrEF) compared to heart 
failure with preserved ejection fraction (HFpEF), suggesting 
these models may have subtype-specific utility [6]. In contrast, 
Kanda et al. found that the Gradient Boosting model (XGBoost) 
performed well on Japanese claims data, with AUROC values 
between 0.690 and 0.898, driven by variables like age and hos-
pitalisation frequency, and maintained consistent performance 
in external validation [8]. Abegaz et al. demonstrated high sen-
sitivity (0.94) for heart failure prediction using XGBoost on the 
All of Us dataset, particularly among type 2 diabetes patients 
on SGLT2 inhibitors, with key predictors including HbA1c and 
troponin [14]. Other studies reflected similar findings. Gandin 
et al. showed that a Physics-Informed Neural Network (PHNN) 

performed well, achieving time-dependent AUCs up to 0.780, 
especially when incorporating cardiac parameters and diuretic 
use [15]. Wang et al. reported an AUROC of 0.834 for a Random 
Forest model applied to NHANES data, with poverty-income 
ratio and myocardial infarction as influential predictors [16]. 
Sang et al. validated a Random Forest model with an AUROC 
of 0.722, emphasising creatinine and HbA1c as significant fea-
tures [20]. Kwiendacz et al. identified Light Gradient Boosting 
Machine (LGBM) as the top model (AUROC 0.740, sensitivity 
0.62), particularly in chronic kidney disease patients with di-
abetes, driven by variables like eGFR and the TyG index [22]. 
Bai et al. reported high accuracy (0.91) and AUROC (0.96) for 
XGBoost in elderly diabetic patients, with the prognostic nutri-
tional index (PNI) and fatty liver index (FLI) emerging as key 
factors [5].

4.1   |   Comparison With Traditional Risk Prediction 
Approaches

In contrast to the adaptability and predictive strength of ma-
chine learning models, traditional approaches rely on static bio-
markers, fixed risk scores, or linear regression methods, making 
them less capable of capturing the complex and dynamic nature 
of heart failure risk. For example, applied clinical risk scores 
(such as WATCH-DM) and biomarkers like NT-proBNP and hs-
cTn in a cohort of over 6000 diabetic patients demonstrate that 
a two-step screening strategy could reduce the number needed 
to screen and lower costs. However, this method relies on fixed 
thresholds and predefined variables, lacking the adaptability of 
machine learning models. In contrast, our reviewed ML mod-
els achieved stronger diagnostic shifts, as reflected by higher 
positive and negative likelihood ratios [24]. Echouffo-Tcheugui 

FIGURE 4    |    Funnel Plot for best performing models.
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FIGURE 5    |    Quality assessment based on PROBAST + AI tool.
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et al. examined GDF-15 over a 23-year period and found a higher 
risk of heart failure in patients with elevated levels. Although 
the study showed robust longitudinal associations, its reliance 
on Cox regression limited its ability to account for complex in-
teractions, such as sex-specific effects, which machine learning 
models are better equipped to handle [25]. Berezin et al. assessed 
serum irisin for distinguishing heart failure phenotypes in dia-
betic patients, finding that while certain biomarkers improved 
phenotype-specific predictions, the static nature of ROC-based 
cutoffs limited broader applicability [26]. Said et al. developed 
a multivariable model in the ALTITUDE cohort that identified 
eight key predictors and achieved good discrimination (0.78 for 
sensitivity and 0.72 for specificity). However, even with added 
biomarkers, machine learning models have the capacity to in-
corporate a larger number of variables and can learn complex, 
non-linear interactions among them. Furthermore, ML models 
can be retrained or fine-tuned on different patient populations, 
allowing them to adapt to varying clinical contexts and demo-
graphic profiles  [27]. These emphasise that while traditional 
approaches have contributed significantly to risk stratification, 
they often fall short in dynamic prediction and adaptability.

Together, these findings suggest that Random Forest and 
XGBoost are consistently strong performers, yet their success 
depends on the target population and chosen predictors. This 
variability reinforces the earlier point that, despite promising 
results, most models remain within academic or experimental 
settings. The inconsistency in performance and model sensitiv-
ity across studies highlights the need for context-specific optimi-
sation and better-defined implementation pathways before these 
tools can be seamlessly adopted in clinical practice. Integration 
into electronic health records (EHRs) or clinical triage systems 
is seldom addressed in the literature, and few examples exist 
where ML tools have been successfully deployed at the point of 
care. As a result, the clinical utility of these models often stops 
at proof-of-concept or retrospective validation stages. Moreover, 
issues such as interoperability with EHR systems, seamless inte-
gration into clinical decision-making processes, and usability by 
healthcare providers are rarely explored.

5   |   Study Limitations

This study has several limitations that should be considered 
when interpreting the findings. First, the number of included 
studies was relatively small, which may have limited the statis-
tical power of subgroup analyses and meta-regression, as well 
as the ability to detect publication bias. Second, substantial het-
erogeneity was present across studies, driven by differences in 
patient populations, machine learning algorithms, dataset sizes, 
and validation strategies, which may affect the consistency and 
generalisability of the pooled estimates. Third, we relied on the 
best-performing model reported by each study without access 
to individual patient data, preventing a more detailed analysis 
of model development processes, calibration, and performance 
across different subgroups. Finally, most studies lacked external 
validation and used retrospective data, raising concerns about 
potential overfitting and real-world applicability. These limita-
tions highlight the need for cautious interpretation of the results 
and emphasise the importance of high-quality, prospective stud-
ies with standardised methodologies in future research.

6   |   Conclusion

This meta-analysis demonstrates that machine learning models 
achieve strong diagnostic performance for heart failure detection, 
with a pooled sensitivity of 84%, specificity of 86%, and an AUROC 
of 0.90 among the best-performing models identified in each study. 
These findings underscore the potential of ML models to support 
early diagnosis and risk stratification, offering valuable assistance 
in clinical decision-making. However, the presence of significant 
heterogeneity—largely due to differences in study populations, 
algorithms, dataset sizes, and validation methods—highlights 
the need for careful interpretation of pooled estimates and limits 
the immediate generalisability of these results. While the perfor-
mance of ML models appears promising, especially in comparison 
with traditional risk prediction tools, their clinical impact remains 
dependent on addressing methodological and practical barriers.

Future research should aim to standardise machine learn-
ing development pipelines, including transparent reporting 
of model architecture, training processes, and evaluation 
criteria. Prospective validation studies across diverse patient 
populations and healthcare settings are essential to ensure 
external validity and to establish real-world effectiveness. 
Efforts should also focus on improving model interpretabil-
ity, enabling clinicians to understand and trust algorithmic 
decisions, which is critical for acceptance in routine care. 
Furthermore, the integration of ML models into clinical work-
flows must consider factors such as data quality, interopera-
bility with electronic health records, and cost-effectiveness 
analyses. Addressing these areas will be key to translating the 
promising diagnostic accuracy of ML models into meaningful 
improvements in patient outcomes and healthcare delivery.
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