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Abstract
Background and objectives  Cardiac surgery associated acute kidney injury can lead to increased morbidity, 
mortality, and hospitalization. The available risk assessment tools have limited predictive ability. Machine learning has 
been increasingly utilized to predict acute kidney injury in cardiac surgery patients in recent times due to its ability 
to handle complex clinical data. However, its predictive value remains uncertain. This study evaluates the predictive 
performance of machine learning models for acute kidney injury post-cardiac surgery.

Methods  A systematic review and meta-analysis was conducted by searching Web of Science, PubMed, Science 
Direct, Google Scholar, Scopus, and Cochrane Library up to 31st December 2025. PRISMA guidelines were followed. 
Included studies were assessed for machine learning model performance and acute kidney injury predictors, with 
effect measures including area under the receiver operator characteristic curve (AUC), sensitivity, and specificity. 
Pooled estimates were calculated using a random-effects model with 95% confidence intervals. Risk of bias was 
assessed using PROBAST. The meta-analysis in our study was performed using R version 4.5.0.

Results  The systematic search yielded 45 studies that met our inclusion criteria, encompassing 13 distinct model 
types, which include 81 models for training and 162 for validation. The overall pooled AUC was 0.83 (95% CI: 0.79–
0.85) in the training and 0.76 (95% CI: 0.75–0.78) in the validation cohorts. Pooled sensitivity and specificity in the 
training dataset were 0.75 (95% CI: 0.71–0.79) and 0.81 (95% CI: 0.72–0.87), respectively. In the validation dataset, 
pooled sensitivity was 0.61 (95% CI: 0.53–0.69), while specificity was 0.82 (95% CI: 0.77–0.86). Analysis showed an 
overall 44.4% high risk of bias, particularly due to the analysis domain of PROBAST.

Conclusion  This study suggests that machine learning based models could potentially serve as a viable framework 
for predicting the risk of post-cardiac surgery AKI, however, highlighting the need for model optimization and 
validation in a diverse population before clinical implementation.

Trial registration  The study was registered with PROSPERO (CRD42024576556).
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Introduction
Acute Kidney Injury (AKI) following cardiac surgery 
presents as a serious complication with poor prognosis 
and increased risk of mortality [1]. It is associated with 
a multifaceted array of exposures like cardiopulmonary 
bypass (CPB), tissue injury, cardiac insufficiency, and 
hemolysis, etc. The incidence rate of AKI associated 
with cardiac surgery ranges between 7% and 40% [2]. 
The pathophysiology of cardiac surgery-associated AKI 
is multifactorial and remains incompletely understood. 
Hypoperfusion, ischemia-reperfusion injury, neurohor-
monal activation, inflammation, nephrotoxin exposure, 
and CPB related non-pulsatile perfusion are known to be 
contributing factors [3]. Early prediction and interven-
tions can be pivotal in mitigating adverse outcomes.

The clinical management of post-cardiac surgery AKI 
remains reactive rather than preventive. Standard Kid-
ney Disease Improving Global Outcomes (KDIGO) cri-
teria rely on serum creatinine, which is a delayed kidney 
marker, often rising only when significant loss of glo-
merular filtration occurs. While electronic alert sys-
tems have been implemented to improve recognition, 
a recent meta-analysis suggests that they have failed to 
consistently improve patient survival [4]. This highlights 
the critical need for proactive risk stratification of AKI. 
Recent literature indicates that early interventions using 
AKI care bundles can enhance kidney outcomes, but 
their effectiveness relies on identifying high-risk patients 
during a critical ‘golden window’ prior to clinical injury 
[5]. Hence, automated risk stratification along with tar-
geted biomarker assessment can lead to reduced morbid-
ity and need for continuous renal replacement therapy 
[6].

Machine learning (ML) offers a promising solution for 
the early risk stratification of AKI by using multidimen-
sional data, surpassing conventional methods. Recent 
advancements in ML have equipped clinical settings with 
effective tools for improving AKI risk prediction. These 
ML algorithms enhance traditional predictive models by 
offering greater accuracy and the ability to handle com-
plex, multi-dimensional datasets [7]. These predictive 
models can encompass a range of factors, both preopera-
tive, intraoperative, and postoperative, to anticipate the 
likelihood of AKI with greater accuracy [8].

Several ML models, including random forest (RF), 
extreme gradient boosting (XGBoost), logistic regres-
sion (LR), artificial neural networks (ANN), and support 
vector machine (SVM), have been utilized to predict 
cardiac surgery-associated AKI and have demonstrated 
better accuracy in risk prediction in comparison to the 
traditional statistical measures, making them particularly 
suitable for clinical applications [9]. Understanding vari-
ous ML algorithms for the prediction of AKI and their 
comparative efficacy is essential for risk stratification, 

informed decision-making, and successful implemen-
tation of interventions to prevent AKI after cardiac 
surgeries.

Despite the development of numerous ML models for 
predicting AKI, their predictive accuracy remains incon-
sistent. Therefore, this review aims to comprehensively 
evaluate the predictive capabilities of a wide range of 
models, particularly in the context of AKI following car-
diac surgery. Understanding these variations is crucial for 
improving model reliability and clinical application.

Methods
Overview
All the articles related to the prediction of cardiac sur-
gery-associated AKI were systematically identified, 
which were published in online databases as scientific 
literature. This systematic review and meta-analysis 
strictly adhered Preferred Reporting Items for System-
atic Review and Meta-analysis guidelines (PRISMA). 
Moreover, the checklist adhering to PRISMA guidelines 
is provided in the Supplementary file. The protocol for 
this review has also been registered with PROSPERO 
[CRD42024576556].

Search strategy
PubMed, Google Scholar, Scopus, Web of Science, Sci-
ence direct and Cochrane database were searched from 
inception to 31st Dec, 2025. The search utilized a combi-
nation of medical subject headings (MeSH) and text/key-
words related to Acute Kidney Injury, Cardiac Surgery, 
and Machine learning. Search queries with full synonym 
search terms are given in the Supplementary file Table 
S1.

Study eligibility criteria
Only studies published in English were included, specifi-
cally quantitative studies such as randomized controlled 
trials, case-control studies, and cohort studies. The 
focus was on research involving ML models designed to 
predict AKI after cardiac surgery. Studies reporting the 
performance metrics of ML models were also included. 
Reviews, abstracts, letters, scientific correspondence, 
posters, animal studies, case reports, advertisements, 
theses, opinions, and editorials were excluded due to 
insufficient methodological data and performance met-
rics required for robust risk of bias assessment and quan-
titative meta-analysis. A detailed inclusion and exclusion 
criteria is given in the Supplementary file.

Literature search
The search strategy was developed following the study 
protocol, targeting articles that met the predefined 
inclusion criteria. After retrieving the articles, duplicate 
entries were removed using EndNote 21. A preliminary 
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screening of titles and abstracts was conducted to fil-
ter studies related to the protocol of our study. Full-text 
articles of potentially relevant studies were retrieved and 
carefully reviewed to determine eligibility by two authors 
independently. The articles for inclusion and exclusion, 
with any discrepancies, were resolved through discussion 
among other authors. Articles lacking critical informa-
tion necessary for the analysis were excluded from the 
review. The process of article selection, including the 
number of articles at each stage of the review, is illus-
trated in the PRISMA flow chart shown in Fig. 1.

Data extraction
Data extraction focused on gathering key information 
from each included study based on a predefined data 
extraction form (Supplementary file Table S2). Two 
authors independently extracted data from the included 

studies. This process involved collecting details such as 
the first author, publication year, study design, sources of 
patient data, AKI diagnostic criteria, total number of AKI 
cases, and overall sample size. Additionally, we recorded 
the specific ML models used, the number of AKI cases, 
the sample size in both the training and validation datas-
ets, methods applied to prevent overfitting, strategies for 
handling missing data, and approaches for variable selec-
tion and feature screening.

Performance metrics such as the Area Under the Curve 
(AUC), sensitivity, and specificity were also documented. 
The definition of AKI followed the criteria used in each 
study, such as KDIGO [10] or AKIN [11]. When studies 
did not report necessary data, we calculated it manually 
using available information. Studies lacking essential data 
were excluded from the meta-analysis but were included 
in the systematic review. Studies which were considered 

Fig. 1  PRISMA flow diagram of the study selection process. Flow diagram illustrating the identification, screening, eligibility assessment, and inclusion of 
studies in the systematic review and meta-analysis in accordance with the PRISMA guidelines
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for inclusion but were excluded for protocol deviations 
are listed in the Supplementary file Table S3. This inclu-
sion and exclusion of data was finalized upon mutual 
agreement between authors.

Risk of bias assessment
We assessed the potential for bias in the studies included 
in our analysis using the PROBAST tool for risk of bias 
assessment (Supplementary file Table S4). It evaluates 
four main domains: participants, predictors, outcomes, 
and analysis methods. Each domain has a specific num-
ber of questions: two, three, six, and nine, respectively, 
that collectively determine the study’s risk of bias and 
overall reliability. Each question provides three possible 
responses: “yes/probably yes,” “no/probably no,” and “no 
information.” If any question within a domain is answered 
with “no” or “probably no,” the domain is classified as 
high risk. Conversely, if all questions are answered with 
“yes” or “probably yes,” the domain is rated as low risk.

Quality of evidence
The Grading of Recommendations Assessment, Develop-
ment and Evaluation (GRADE) methodology was used to 
assess the quality of evidence of all the outcomes of our 
study. Outcomes included pooled training and validation 
AUC, sensitivity, and specificity of ML models predict-
ing AKI after cardiac surgery. Due to the observational 
nature of all the included studies, evidence started at low 
and was downgraded based on the risk of bias (PRO-
BAST), inconsistency (high heterogeneity), indirectness 
(training cohorts vs. independent validation), and impre-
cision (wide confidence intervals). Final certainty ratings 
were classified as high, moderate, low, or very low.

Data analysis
We conducted a detailed statistical analysis to evalu-
ate the predictive performance of the machine learning 
models included in this study. For models that were vali-
dated in more than two independent datasets, excluding 
the model development set, a random-effects meta-anal-
ysis was carried out to estimate their overall performance 
and accuracy. This analysis also included models that 
were internally validated through methods such as boot-
strapping or cross-validation and externally validated in 
at least two independent datasets.

The discriminative ability of the models was assessed 
by extracting reported AUC. In instances where the AUC 
did not have a reported 95% confidence interval (CI) or 
standard error, we estimated the standard error using a 
formula based on the number of events and participants, 
following the guidelines proposed by Debray et al. [12].
Due to expected clinical, methodological, and algorith-
mic differences from variations in predictor selection, 
outcome definitions, and machine learning techniques, 

we derived pooled estimates of AUC using a random 
effect model with logit-transformation and restricted 
maximum likelihood (REML) estimation. Additionally, 
sensitivity and specificity were extracted from included 
studies, and their meta-analysis was performed using a 
bivariate random effect model to account for the inher-
ent correlation between sensitivity and specificity. This 
model uses logit-transformed values to include both 
within-study and between-study variability. When pri-
mary studies did not report 2 × 2 contingency tables, true 
positives (TP), false positives (FP), false negatives (FN), 
and true negatives (TN) were generated using reported 
sensitivity, specificity, total sample size, and number of 
outcome events. These reconstructed counts were then 
used for bivariate random effects meta-analysis follow-
ing the Reitsma model. Results were stratified by cohort 
(training and validation) and by ML model architecture 
type.

Heterogeneity was assessed using Cochran’s Q statistic 
and I² statistic. Heterogeneity statistics were calculated 
overall and within subgroups defined by ML model type. 
The significance of heterogeneity was evaluated using the 
Q test. For the Q test, a p-value less than 0.10 indicated 
a significant presence of heterogeneity. The I² statistics 
quantified the proportion of total variation across studies 
that was due to heterogeneity instead of sampling error. 
Values of 25%, 50%, and 75% represented low, moderate, 
and high heterogeneity, respectively.

Moreover, publication bias and small study effects were 
assessed among validated prediction models using the 
funnel plot and Egger’s test. For this, the reported pri-
mary model per study was included to ensure the statisti-
cal independence, using the AUC and its standard error 
derived from the 95% confidence interval. Funnel plot for 
visualization of asymmetry and Egger’s regression test 
was applied to formally evaluate small study effects.

All statistical analyses and visualizations were per-
formed using R (version 4.5.0). The “meta” package was 
used to perform meta-analysis of AUC, while, “mada” 
package was employed to execute bivariate random effect 
meta-analysis for sensitivity and specificity. Data prepa-
ration, subgroup filtering, and high-resolution forest 
plots were generated using “readxl”, “dplyr”, “forestplot”, 
“magick”, and “grid” packages.

Results
Study selection
The databases search yielded initially 1357 articles, 
including Cochrane (189), PubMed (106), Science Direct 
(872), Scopus (109), Web of Science (55), and Google 
Scholar (26). After duplicate removal of 440 articles, the 
remaining were screened for titles and abstracts. After 
a thorough screening process, ultimately 45 research 
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articles were included in the review. The PRISMA flow 
diagram for the study selection process is given in Fig. 1.

Characteristics of included studies
The studies included in this systematic review and meta-
analysis examined 13 distinct machine learning models 
applied to 401,579 cardiac surgery patients. These mod-
els included Logistic Regression (LR), Random Forest 
(RF), Support Vector Machine (SVM), eXtreme Gradient 
Boosting (XGBoost), LightGBM, k-Nearest Neighbors 
(k-NN), Naive Bayes (NB), Artificial Neural Networks 
(ANN), Ensemble methods, Decision Tree (DT), Adap-
tive boosting (AdaBoost), Bayesian Model Network, 
SoftMax, and other Gradient Boosting Decision Tree 
(GBDT) models.

The studies comprised 4 prospective cohort studies, 38 
retrospective cohort studies, 1 retrospective case con-
trol, 1 post-hoc RCT analysis and 1 retrospective/pro-
spective multi-center cohort study. These were retrieved 
from six major databases. The countries represented in 
the included literature were predominantly China (35 
studies), followed by the United States (3 studies), Iran, 
Korea, Australia, Germany, France, Canada, and Tai-
wan, each contributing one study (Fig.  2). The detailed 
description of the characteristics of the included studies 
is given in Table 1.

Risk of bias assessment
The quality assessment of the included studies was eval-
uated using the PROBAST tool. The domain-specific 
assessment is provided in Fig.  3, while detailed individ-
ual study ratings are available in the Supplementary file 
Table S5. Approximately 26.7% of the included studies 
were classified as having a low overall risk of bias, 44.4% 
were rated as high risk, and the remaining 28.9% were 

categorized as unclear. The participant domain showed 
a relatively small proportion of high risk, with 86.7% of 
studies rated as low risk and only 11.1% rated as high 
risk. Regarding the predictors domain, low risk of bias 
was observed in 71.1% of the studies, while 22.2% were 
rated as unclear. In the outcome domain, assessment of 
AKI outcome was rated as low risk in 86.7% of the stud-
ies, with the remaining 13.3% classified as unclear. How-
ever, the analysis domain raised more concern, with 
44.4% of studies being classified as having a high risk of 
bias, whereas 33.3% of studies were rated as low risk, and 
22.2% were unclear (Fig. 3).

AUC
Figure 4 illustrates that a total of 81 models were included 
in the meta-analysis of AUC in the training cohort for the 
prediction of AKI after cardiac surgery, while 162 models 
were included in the validation cohort derived from 44 
primary studies included in the meta-analysis. Using ran-
dom effect meta-analysis, the pooled AUC was estimated 
to be 0.83 (95% CI: 0.79–0.85) in the training cohort 
and 0.76 (95% CI: 0.75–0.78) in the validation cohort. 
Subgroup analysis stratified by ML model architecture 
suggested significant differences in discriminative perfor-
mance across model types in both cohorts. In the train-
ing cohort, RF 0.90 (95% CI: 0.77–0.96), GBDT 0.87 (95% 
CI: 0.65–0.96), and XGBoost 0.85 (95% CI: 0.79–0.90) 
exhibited comparatively higher pooled AUC estimates. In 
the validation cohort, XGBoost 0.79 (95% CI: 0.76–0.82), 
RF 0.79 (95% CI: 0.76–0.81), and Ensemble methods 0.79 
(95% CI: 0.77–0.81) showed relatively higher discrimina-
tive performance compared with other models.

Substantial heterogeneity was observed across most 
ML model types in both training and validation cohorts. 
In the training cohort, the random effect meta-analysis 

Fig. 2  Geographic distribution of studies included in the systematic review and meta-analysis
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revealed considerable heterogeneity (I2 =98.2%, p < 0.001). 
Similarly, the validation cohort exhibited very high het-
erogeneity (I2 =98.7%, p < 0.001), indicating marked vari-
ability in predictive performance across included ML 
approaches. Furthermore, model specific subgroup anal-
ysis revealed persistently high within subgroup heteroge-
neity for most algorithms (Supplementary file Table S6 
and S7). Furthermore, tests for subgroup differences indi-
cated significant between model heterogeneity in both 
cohorts (training Q = 26.7, p 0.0034; validation Q = 51.37 
p < 0.001).

Sensitivity and specificity
Figure 5 illustrates a total of 17 models were evaluated in 
the training cohort, reporting sensitivity and specificity, 
which represented 7,997 patients undergoing cardiac sur-
gery. The pooled sensitivity across these ML models was 
0.75 (95% CI: 0.71–0.79), while the pooled specificity was 
0.81 (95% CI: 0.72–0.87). In the validation cohorts, 72 
models reported sensitivity and specificity, encompass-
ing 10,063 patients. In this setting, the pooled sensitivity 
declined to 0.61 (95% CI: 0.53–0.69), whereas the pooled 
specificity remained consistently high at 0.82 (95% CI: 
0.77–0.86).

Bivariate random effect meta-analysis of diagnostic 
performance of included ML models showed moderate to 
substantial between-model heterogeneity, with variability 
evident in both training (τ = 0.42–1.04) and validation 
(τ = 1.27–1.44) cohorts. Detailed heterogeneity estimates 
are presented in the Supplementary file Table S8.

Quality of evidence
Using the GRADE framework, the certainty of evidence 
for pooled estimates of AUC, sensitivity, and specificity 
was rated as very low across both training and validation 
cohorts. Detailed GRADE assessments for each outcome 
are presented in the supplementary file Table S9.

Moreover, the assessment of small study effects using 
Egger’s regression test did not indicate evidence of asym-
metry (p = 0.41) (Supplementary file Figure S1).

Predictors of acute kidney injury
Across the included studies, predictors contributing to 
model performance were extracted based on reported 
feature importance rankings. The top five features uti-
lized by ML models reported in each study were identi-
fied and summarized in Fig. 6.

Among the most frequently reported predictors were 
preoperative serum creatinine, eGFR, age, and hyper-
tension. Other predictors that appeared prominently 
were preoperative hemoglobin, intraoperative urine 
output, CPB time, and blood transfusion. A detailed list 
of predictors to develop ML models utilized by studies 
included in this review is given in the Supplementary file 
Table S10.

Discussion
The use of ML for predicting AKI after cardiac surgery 
has surged in recent years. Despite considerable progress, 
systematic reviews and meta-analyses that assess the pre-
dictive performance of these models remain limited. This 
systematic review and meta-analysis evaluated multiple 

Fig. 3  Risk of bias assessment results using the PROBAST tool
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Fig. 4  Forest plots of pooled AUCs for machine learning models predicting AKI: training (A), validation (B)
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ML models and highlighted their predictive performance 
using AUC, sensitivity, and specificity in training and val-
idation cohorts, offering valuable insights into their prac-
tical application in clinical settings. Across the 13 distinct 
models evaluated, ranging from traditional algorithms 
like LR to more advanced techniques such as gradient 
boosting (XGBoost, LightGBM) and ensemble methods, 
predictive outcomes were observed to have moderate to 
high performance. Our findings indicate that ML algo-
rithms demonstrate good discriminative ability for AKI, 
with a pooled AUC of 0.83 (95% CI: 0.80–0.85) in the 
training and 0.76 (95% CI: 0.75–0.78) in the validation 
cohorts.

Risk stratification of AKI in cardiac surgery patients is 
usually performed with traditional risk analysis systems 
like regression models and risk scores. However, they 
have significant limitations in terms of handling complex, 
high-dimensional data, adapting to new information, and 
providing personalized, real-time predictions [22]. These 
shortcomings make them less suited for modern, data-
rich healthcare environments, where ML models offer 
improved flexibility, accuracy, and predictive power [58].

The more advanced models, like ensemble tech-
niques, RF, gradient boosting achieved the higher 
pooled AUCs in this study, whereas simpler approaches 

like DT showed lower discrimination. Ensemble-based 
approaches benefit from their ability to combine predic-
tions from multiple weak learners, effectively reducing 
variance and overfitting [59]. Gradient boosting methods 
iteratively correct misclassification from their previous 
trees, enabling them to capture complex nonlinear rela-
tionships among predictors that are common in clinical 
settings [60]. However, simpler models like DT suffer, as 
they are more prone to instability and overfitting, par-
ticularly when applied to heterogeneous clinical datasets 
with noisy or correlated predictors [1].

Notably, LR exhibited stable performance in both 
cohorts, suggesting that LR can be robust when applied 
to well-established clinical predictors with approxi-
mate linear associations to AKI. Conventional statistical 
approaches can remain clinically relevant, particularly 
when interpretability is crucial [61]. Moreover, the over-
all decrease in predictive performance of several ML 
models across training to validation cohorts signals 
potential overfitting in the training datasets, emphasizing 
the necessity of evaluation on independent datasets for 
robust prediction.

Bivariate random effect meta-analysis of sensitivity and 
specificity accounted for the trade-off between identify-
ing patients at risk and avoiding false positives. In the 

Fig. 5  Forest plots of sensitivity and specificity for machine learning models: training (A–B) and validation (C–D) cohorts
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validation cohort, LR and RF achieved moderate sensi-
tivity (0.68–0.79) and specificity (0.71–0.78), whereas 
algorithms such as k-NN and ANN showed lower sen-
sitivity. Ensemble and boosting methods generally 

achieved higher specificity, reflecting greater accuracy in 
correctly identifying patients without AKI. These trends 
highlight the importance of tailoring model selection to 
the intended clinical objective, such as prioritizing higher 

Fig. 6  Frequently reported predictors of ML models for the prediction of AKI after cardiac surgery
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sensitivity to minimize missed AKI cases or specificity to 
reduce unnecessary interventions.

A substantial heterogeneity was observed across ML 
models in predicting AKI after cardiac surgery, which is 
common in the meta-analysis of diagnostic accuracy and 
ML-based prediction models. Unlike conventional inter-
vention studies, predictive modelling research inherently 
varies in terms of model architecture, feature selection, 
dataset characteristics, and validation strategies. This 
between-model variance is consistent with the prior 
studies, which have shown that differences in patient 
populations, input variables, and outcome definitions 
can influence the predictive performance of ML models. 
While we did not explore the additional sources of het-
erogeneity due to inconsistent reporting of covariates, 
these findings highlight that model performance may 
vary depending on the study design and data characteris-
tics, emphasizing the need for external validation before 
clinical implementation.

The clinical implementation of ML-based prediction 
faces several practical considerations. High-performing 
models such as Ensemble, RF, and XGBoost may offer 
superior accuracy but are less interpretable, potentially 
limiting clinician acceptance. The limitation of com-
plex models, often referred to as “black box” models, 
necessitates the use of Explainable AI frameworks, such 
as SHapley Additive Explanation (SHAP), for a better 
understanding of the underlying features involved in pre-
dictions [62]. This understanding offers clinical insights 
regarding the specific physiological drivers behind an 
AKI alert. In contrast, LR and other transparent models 
provide interpretable outputs that can facilitate decision-
making at the bedside.

Beyond algorithmic performance, the predictive accu-
racy of the ML models is substantially influenced by the 
selection of optimal modelling variables and their qual-
ity. Across the included studies, the input variables were 
a mix of demographic, preoperative, intraoperative, and 
early postoperative biomarkers. The most frequently 
reported features for the prediction of AKI after cardiac 
surgery were preoperative serum creatinine, eGFR, age, 
and hypertension, reflecting their well-established roles 
in AKI risk. Preoperative serum creatinine levels and 
eGFR are critical in assessing baseline renal function, and 
their levels often indicate pre-existing kidney damage or 
reduced renal reserve, placing patients at higher risk of 
AKI following surgery [63]. These variables also provide 
essential information on renal reserve and vulnerability 
to ischemic or inflammatory insults during cardiac sur-
gery. Intraoperative urine output is another indicator of 
renal function during surgery, and its decrease is one of 
the earliest signs of impending AKI [64]. The prominence 
of renal function markers across studies suggests that 
they should remain a core component of any predictive 

model for AKI. Similarly, age is a known risk factor for 
AKI due to the decline in kidney function with advancing 
age and the increased likelihood of comorbidities in older 
patients [65]. Hypertension and baseline hemoglobin also 
emerged as important predictors of postoperative AKI 
across the included studies, highlighting their clinical rel-
evance in AKI risk stratification models.

A notable finding from this review is geographical bias, 
with 77.7% (35/45) of studies originating from China. 
This concentration introduces a potential geographi-
cal bias that could limit the global applicability of the 
results. Healthcare systems in Southeast Asia, i.e., China, 
may differ significantly from the West or other regions 
in terms of surgical protocols, perioperative care prac-
tices, and genetic predispositions to AKI that are specific 
to different ethnic groups. Furthermore, the prevalence 
of comorbidities like diabetes and the timing of surgical 
procedures often vary by region. Therefore, although the 
ML models analyzed in this review demonstrated accept-
able performance within their study populations, their 
generalizability remains uncertain. Broader evaluation 
in diverse, multi-ethnic, and international populations is 
required, as only a limited proportion of included studies 
performed external validation using large, publicly avail-
able datasets such as the US-based MIMIC database [55].

Despite the strengths of this meta-analysis, several 
limitations must be acknowledged. First, substantial 
heterogeneity was observed across the included mod-
els, likely reflecting differences in modeling strategies 
and validation approaches. Although a random-effect 
model was used to account for between-model variabil-
ity, the pooled performance metrics must be considered 
as average estimates across heterogeneous settings rather 
than universally applicable benchmarks. Second, most 
included studies were retrospective and relied on single-
center datasets, with a limited proportion of studies that 
conducted external validations, raising concerns about 
the global applicability. Third, a lack of standardization 
in ML techniques across studies, such as differences in 
hyperparameter tuning, model optimization, and han-
dling of missing data, also complicates the interpretation 
and replicability of results. Finally, the effect of publica-
tion bias cannot be fully excluded, as high-performance 
studies have more chances to get published. Although 
funnel plot asymmetry and statistical tests were explored, 
these methods have limited power in meta-analysis of 
predictive modeling studies.

Conclusion
This meta-analysis offers a comprehensive evaluation of 
the effectiveness of various ML models in predicting AKI 
after cardiac surgery. Overall, the ML models exhibited 
moderate to high predictive ability, with a pooled AUC 
indicating reliable discrimination across the studies. 
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However, significant variability was noted, likely due 
to differences in modeling approaches, predictor selec-
tion, and validation strategies. Despite this heterogene-
ity and the associated risk of bias, our findings support 
the potential of ML-based prediction to assist in the risk 
stratification of AKI, which could help guide preventive 
strategies in clinical practice. Future research should pri-
oritize external validation, standardization of reporting, 
and the integration of ML models into clinical workflows 
to evaluate their real-world effectiveness.
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