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ABSTRACT

Background: Hospital-acquired acute kidney injury (HA-AKI) is associated with substantial morbidity and mortality. Artificial
intelligence (Al) and machine learning (ML) may enable earlier prediction of HA-AKI, but reported performance varies across
studies.

Methods: A systematic review and meta-analysis was conducted according to PRISMA 2020 guidelines. PubMed, Scopus, Web of
Science, EMBASE, CINAHL, CENTRAL, EBSCOhost, and Google Scholar were searched from January 2000 to August 2026. Studies
evaluating Al/ML models for predicting HA-AKI in hospitalized adults were eligible. The primary outcome was discriminatory
performance measured by AUROC/AUC. Random-effects meta-analysis was performed, with heterogeneity assessed using 1> and
Cochran’s Q. Subgroup analysis compared deep-learning with tree-based/classical ML models.

Results: Twelve studies were included. The pooled AUROC was 0.847 (95% Cl: 0.82—0.87), indicating good discrimination.
Heterogeneity was substantial (I = 96.9%; p < 0.001), with a 95% prediction interval of 0.74—0.92. Deep-learning models had a
pooled AUROC of 0.862 (95% Cl: 0.82—0.89), compared with 0.837 (95% Cl: 0.79-0.87) for tree-based/classical ML models; the
difference was not significant (p = 0.34).

Conclusion: Al/ML models demonstrate good predictive performance for HA-AKI, but substantial heterogeneity indicates variable
performance across clinical settings. External and prospective validation, calibration, and clinical utility assessment are needed
before widespread implementation.

Key-words: Hospital-acquired acute kidney injury; Artificial intelligence; Machine learning; predictive models; AUROC; Deep
learning; Clinical prediction
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Acute kidney injury (AKl) is a common and clinically

hospitalization, healthcare utilization, and subsequent
chronic kidney disease. Approximately one in five
hospitalized adults develops AKI, emphasizing the
importance of early identification and prevention. 2
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HA-AKI is particularly important because it develops after
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admission and may provide an opportunity for early risk
identification and intervention. %

AKI is primarily diagnosed using changes in serum
creatinine and urine output according to established
criteria such as Kidney Disease: Improving Global
Outcomes (KDIGO). B However, serum creatinine is a
delayed marker of kidney injury. Early prediction of
patients at risk of HA-AKI could therefore facilitate timely
monitoring, avoidance of nephrotoxic exposures, and
optimization of hemodynamic status. >3 Conventional
AKl prediction models use demographic, clinical,
laboratory, and physiological variables. However, the
multifactorial nature of AKl and the increasing availability
of longitudinal electronic health record (EHR) data may
limit their ability to capture complex relationships. Al
and ML can analyze large, heterogeneous datasets and
may enable more dynamic and individualized risk
prediction. !

Several studies have demonstrated promising
performance of Al/ML models for AKI prediction. Koyner
et al. reported AUCs of 0.90 and 0.87 for predicting stage
2 AKI at 24 and 48 hours, respectively. ! Tomasev et al.
demonstrated that a continuous deep-learning model
could predict future AKI using longitudinal clinical data,
including dialysis-requiring episodes. ! Other studies
have evaluated recurrent neural networks, gradient
boosting,

networks, and ensemble approaches, with variable

random forests, convolutional neural
performance across populations and healthcare systems.
(8111 Despite these advances, the generalizability and
clinical applicability of Al-based AKI prediction models
remain uncertain. A systematic review of 46 ML-based
AKI studies reported AUCs ranging from 0.49 to 0.99 and
identified concerns limited

regarding risk of bias,

external validation, and inadequate calibration

assessment. ¥ Similarly, evidence from externally
validated models has highlighted limited population
diversity and challenges in transportability across
healthcare settings. ™ Recent evidence also indicates
differences between internal and external validation
performance, emphasizing the importance of
independent validation. 2

have evaluated Al/ML

approaches for AKI prediction, substantial variation

Although previous reviews

remains in populations, AKl definitions, prediction

horizons, algorithms, predictors, and validation

strategies. Quantitative evidence specifically addressing

HA-AKI and comparing predictive performance across

model families remains limited. Therefore, this
systematic review and meta-analysis aimed to evaluate
the predictive performance and clinical utility of Al/ML
models for HA-AKI in adults. The primary outcome was
pooled AUROC/AUC, with

accuracy, predictive values, calibration, and clinical utility

sensitivity, specificity,
assessed where available. We also evaluated between-
study heterogeneity and compared deep-learning with
tree-based/classical ML approaches.

MATERIALS AND METHODS

This systematic review and meta-analysis was conducted
in accordance with the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) 2020
PRISMA-P
recommendations. 3 The primary objective was to

guidelines and  designed  following

assess, synthesize, and compare the predictive
performance and clinical utility of (Al)-based models for
HA-AKI. The research question used the Population,
Index test, Comparator, and Outcome (PICO) framework.
The Population comprised adults (218 years) hospitalized
in ICU or other inpatient settings who were at risk of or
HA-AKI. The included

learning-based models developed or

evaluated for Index test
Al/machine
validated for HA-AKI prediction or early detection using
routinely available clinical, demographic, laboratory,
health

Comparators included conventional risk assessments,

physiological, or electronic record data.

established prediction models, baseline statistical

models, or usual care, where available. Outcomes
included model discrimination, calibration, and clinical
utility, assessed using AUROC, sensitivity, specificity,
accuracy, predictive values, calibration metrics, decision-
curve analysis, and net benefit. We also considered
variations in patient populations, clinical settings, AKI
definitions, prediction horizons, model characteristics,

predictors, validation methods, and study methodology.

Literature Search- A comprehensive literature search
was conducted in PubMed/MEDLINE, Scopus, Web of
Science, EBSCOhost, CENTRAL, CINAHL, and EMBASE,
with  Google Scholar searched additionally for
supplementary studies. Studies published from January
2000 to August 2026 were considered. The search
targeted studies evaluating Al/machine learning (ML)-

based models for predicting or detecting HA-AKI in
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adults. Keywords, MeSH terms, controlled vocabulary,
and Boolean operators (“AND” and “OR”) were used to
combine terms related to hospitalized patients, Al/ML
predictive models, HA-AKI, prediction, and clinical utility.
Search strategies were adapted for each database, with
complete strategies provided in the Supplementary
Material. Additional sources included ClinicalTrials.gov,
WHO ICTRP, ISRCTN, OSF Registries, relevant grey
literature, and PROSPERO. Backward and forward
citation screening of relevant studies and reviews was

also performed to identify additional eligible studies. **
16]

Inclusion and Exclusion Criteria- Studies were eligible if
they were original research articles published from
January 2000 to August 2026 evaluating Al/ML models
for prediction or early detection of HA-AKI in hospitalized
adults (218 vyears), including ICU, medical-surgical,
emergency, and other inpatient settings. Models using
physiological, laboratory,

medication-related, or electronic health record data

clinical,  demographic,

were included. Eligible algorithms included logistic
regression within predictive/ML frameworks, decision
trees, random forests, support vector machines, neural
networks, deep learning, gradient boosting, XGBoost,
ensemble methods, and other supervised ML
approaches.

Studies were required to define HA-AKI using established
or clearly specified criteria (e.g., KDIGO, AKIN, or RIFLE)
and a defined prediction horizon. Outcomes included
predictive discrimination, calibration, and clinical utility,
using AUROC/AUC,

accuracy, predictive values, calibration measures, Brier

assessed sensitivity, specificity,
score, decision-curve analysis, or net benefit. Only
English-language studies were included.

We excluded reviews, meta-analyses, scoping/narrative
reviews, editorials, conference abstracts without full
text, case reports, protocols, letters, dissertations, and
other non-original publications. Pediatric studies; studies
without HA-AKI prediction or Al/ML modeling; studies
focused exclusively on CKD, community-acquired AKI,
dialysis-dependent kidney failure, or non-AKIl outcomes;
risk-factor studies without predictive modeling; non-
human or simulated datasets; and methodological
studies without clinical evaluation were also excluded.
Duplicate publications were removed, and overlapping

cohorts were managed to avoid double-counting.

Data Extraction- Two reviewers independently extracted
data using a standardized, prespecified form. Extracted
data
demographics,

included characteristics, participant
setting, HA-AKI

definition, prediction timing and horizon, and Al/ML

study
clinical data source,
model characteristics, including algorithms, predictors,
preprocessing, and validation methods. Performance
measures included AUROC/AUC, sensitivity, specificity,
accuracy, predictive values, calibration, Brier score,
decision-curve analysis, net benefit, and corresponding
95% confidence intervals or other uncertainty measures.
Methodological features, including model development,
validation, overfitting, data leakage, and class imbalance,
were also recorded. Potential sources of heterogeneity
were documented, including population, setting, AKI
definition, prediction horizon, data source, algorithm,
predictors, and validation strategy. Multiple models were
extracted separately while avoiding double-counting,
with preference given to external or independent

validation estimates most closely matching the
prespecified outcome and setting. Discrepancies were
resolved by consensus or a third reviewer, and authors
were contacted when essential information was unclear

or unavailable.

Data Synthesis- A quantitative meta-analysis was
performed to evaluate the predictive performance of
Al/ML models for HA-AKI. The primary outcome was
AUROC/AUC, with 95% (Cls),

standard errors, or of precision

confidence intervals

other measures
extracted where available. Secondary measures included
sensitivity, specificity, accuracy, predictive values, F1
score, calibration, Brier score, and clinical utility. Pooled
estimates with 95% Cls were presented using forest
plots. Random-effects models were used to account for
methodological, and statistical

anticipated clinical,

heterogeneity. Heterogeneity was assessed using
Cochran’s Q and |? statistics. Subgroup analyses were
performed, where feasible, according to clinical setting,
population, AKI definition, prediction horizon, algorithm,
and validation strategy. When multiple models were
reported, they were extracted separately while avoiding
double-counting, with preference given to primary or
externally/independently validated models aligned with
Where

guantitative pooling was inappropriate, findings were

the prespecified outcome and setting.

synthesized narratively.

Copyright © 2026| SSR-IIILS by Society for Scientific Research under a CC BY-NC 4.0 International License Volume 12 | Issue 05| Page 10912



SSR Institute of International Journal of Life Sciences
ISSN (0): 2581-8740 | ISSN (P): 2581-8732
Menon et al.,, 2026

érosFeY qoi: 10.21276/SSR-11J1.5.2026.12.5.31

Small-study effects and publication bias were assessed
when sufficient studies were available. PROBAST+AI
assessments informed interpretation and sensitivity
analyses, including exclusion of studies with high risk of
bias, applicability concerns, unclear HA-AKI definitions,
where

or lack of independent/external validation,

feasible.

Ethical Considerations- As this review used previously
published data, ethical approval and informed consent
were not required. The review followed PRISMA 2020
guidelines to promote methodological rigor and
transparency. The review protocol was registered

prospectively with PROSPERO (CRD420261507962).

RESULTS

A total of 1,086 records were identified, including 1,048
from electronic databases and 38 from other sources.
800 duplicates and 59
removed for other reasons were excluded, leaving 189

Before screening, records

records for title and abstract screening. Of these, 146

text assessment. Fifteen were excluded because they
were unrelated to HA-AKI (n = 6), did not use Al/ML
models for AKI prediction (n = 5),
prediction/prognostic studies (n = 4). The 38 records
identified through other sources included OpenGrey.eu
(n = 4), WorldCat.org (n = 7), ClinicalTrials.gov (n = 2),
WHO ICTRP (n =9), PROSPERO (n = 5), OSF Registries (n =
3), and ISRCTN Registry (n = 8). Of these, 28 could not be
retrieved, while 10 underwent eligibility assessment. All

or were not

10 were excluded because the population did not meet
eligibility criteria (n = 6), insufficient data were available
to assess predictive performance (n = 2), or the records
protocols,
editorials (n = 2). Ultimately, 12 studies (12 reports) were

were conference abstracts, reviews, or
included in the systematic review and meta-analysis, as
shown in Fig. 1.

The diagram was generated using the PRISMA 2020 Flow
Diagram web application developed by Haddaway NR,
McGuinness LA, and colleagues (United Kingdom). No
automated tools were used in the screening or selection

. of studies.
were excluded, and 43 reports were sought for retrieval.
Sixteen could not be retrieved, leaving 27 reports for full-
[ Identification of studies via databases and registers ] [ Identification of studies via other methods ]
Records identified from: . -
R frarn:
PubMed (n = 112) SR R i
Seopus (n=127) -
Web of Sclence (1 =134) Records removed before e
§ ERSCOhost {n = 145) screening. T aogiom (e 1
5 Clinicalinals.gov (n=2)
g EMBASE [n=119) Dupiicate records WHO ICTRP {0 = 8)
2 Google Scholar {n = 138) remaved {n = 800) PROSPERO (1= 5)
ﬁ CINAHL [n = 150) Records removed for OSF Registers (n = 3}
CENTRAL [n =123} olher reasons (n = 53} ISRCTH Registry (n = 8)
Total 0.2 1096). Total {n = 38)
Records screened s Rec,o[ds ex‘?l:;Zi:::r
{n=189) {n=146)
Reports sought for refrieval Refo;ls not retrigved Reports sought for retrieval Reports not retrieved
2 | m=43 (n=16) (=38) (n=28)
:
§ ! }
R?“;ﬁ eelxczuged:h el scauied Reports excluded:
imihili . related to hospital-acquire: i
?ne::r;s; assessed for eligibility o ichkiin (np- & q Reports assassed for eligibilty | 1e iiggipwuzitg‘;a ::L el;crl meet
£ Ad[fh'_'li. Tcdesl)mt used tor Akl =10l 2. Insufiicient data to assess
prediction {n = predictive performance (n = 2)
3. Not a prediction/prognostic 3 Conference abstract  f
medel study (n=4) protocel I review! editorial

Stucies included In review
{n=12)

in=2}

Reports of included studies
(n=12)

[ nctuded ) [

Fig. 1: PRISMA flow diagram of study selection process.
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identified 12
studies for qualitative and quantitative synthesis (Fig. 1).

The PRISMA-guided selection process

All were observational prediction-model studies, mainly
retrospective or prospective cohorts, evaluating Al/ML
models for HA-AKI in hospitalized adults across medical-
ICUs,
specialized settings.

HA-AKI was defined using KDIGO, AKIN, RIFLE, or other
specified criteria, with varying prediction horizons and
clinical, laboratory, physiological, medication-related, or
Models
ensemble methods, neural networks, deep learning,

surgical wards, emergency/critical care, and

EHR predictors. included supervised ML,
gradient boosting, and random forests. Performance was
primarily assessed using AUROC/AUC, with additional
measures including sensitivity, specificity, accuracy,
predictive values, F1 score, calibration, Brier score, and
clinical utility where reported. Substantial variation was

observed in populations, settings, sample sizes, AKI

definitions, predictors, algorithms, prediction horizons,
and validation strategies.

The 12 studies were published between 2018 and 2025,
mainly in the United States, with additional studies from
and China. Most
retrospective EHR-based cohorts, with sample sizes

South Korea, Singapore, used
ranging from approximately 4,104 to 703,782 patients or
Al/ML

boosting, XGBoost,

admissions. approaches included gradient

random forests, support vector
machines, neural networks, and ensemble models is
summarized in Table 1. Prediction horizons generally
ranged from 24 to 72 hours before AKI onset.
AUROC/AUC was the primary performance measure,
with some studies also reporting calibration, external
validation, interpretability, decision-curve analysis, alert
and clinical Overall, models

burden, utility.

demonstrated moderate-to-excellent discrimination,

with performance varying across populations and

healthcare settings.

Table 1: Characteristics of Included Studies

Author (yr) | Country Study design Sample size | Primary focus Key findings
Koyner et USA Retrospective ML 121,158 Gradient AUC 0.90 (24 h) and 0.87
al. [® development/validation boosting (48 h).
He et al. 7 USA Retrospective cohort; 76,957 Five ML AUC 0.720-0.764.
comparative ML models
Tomasev et | USA/UK Retrospective EHR deep- 703,782 Deep learning Predicted 55.8% of AKI
al. ! learning study and 90.2% of dialysis-
requiring AKI.
Churpek et USA Multicenter retrospective 495,971 Gradient AUC 0.85-0.86 for stage 2
al. @ validation admissions boosting AKI.
Song et al. USA Multicenter retrospective 153,821 Al model Performance varied across
(18] development/external encounters sites; SHAP improved
validation interpretability.
Kim et al. ©! South Retrospective multicenter 149,108 RNN Externally validated real-
Korea development/external time AKI prediction.
validation
Chua et al. | Singapore | Retrospective longitudinal 20,732 ML/EHR Predicted HA-AKI 248 h
(11 ML study admissions before onset.
Le et al. 10 USA Retrospective cohort; ML 12,347 CNN AUROC 0.86;
development/validation outperformed XGBoost
and SOFA.
Gong et al. USA Retrospective ML ICU cohort Ensemble ML Good discrimination;
(19] development/interpretabil interpretable predictors.
ity study
Lee et al. South Retrospective comparative 4,104 SVM/RF/XGBo LightGBM AUC 0.810;
(20] Korea ML study ost/LightGBM | greater net benefit than
logistic regression.
Griffin (21 USA Retrospective cohort; 14,480 GRU/RNN Precision 0.60; reduced
RNN/GRU patients; false alerts.
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development/testing 18,180
admissions
Yu et al. 2 China Retrospective ML 59,936 XGBoost/SVM/ | XGBoost AUC 0.930-0.936
development/external RF internally; 0.812—0.833
validation externally.

In Fig. 2, the pooled AUROC was 0.847 (95% Cl: 0.82—  (0.74-0.92) indicates considerable variability in
0.87) across 12 studies, indicating good discrimination. performance across new settings, suggesting that the
Heterogeneity was substantial (12 = 96.9%, > = 0.110, Q = pooled estimate may overstate expected performance in
352.5, df = 11, p < 0.001). The 95% prediction interval individual hospitals.

AURDC {95% C1} Waight
He et al. {2019) - Voling ensemble (LR + RF) - —.— 0.744 {0.72-0.76) 8%
Gong et ol {2021) * XGBoost - —- 0781(0.77-080)  &T%
Sorg et al. (2020 - Gradient boosting {X4&1) - + 0.810(0.75-0.83) 865
Chuz et al. (2¢21) - Bidirectional RNN {TITV) - —.— 0.810 (0.72-0.84) T.9%
Lee et al. (2021) - LightGBM - —— 0.810 0.78-0.89)  83%
Griffin et al, {2024) - RNN with GRU - -.- 0.820 {0.51-0.83) 8.8%
Churpek et al, {2020) - Gradient boosting machine - -.- 0260 (0.83-0.87) BE%
Leetal (2021) + Convalutional meural net - —— 0.860 {0.34-0.28) 8.4%
Koyner et al, {2018} - Gradient becsting machine - -.- 0870 (0 85-0.88) 27%
Kim et al. (2021) + Stacked RNN - + 0 80 (0 35-090) B 2%
Tomasey et al, (2019) © Recurrent neural netwerk - —— 0.921 {0 90-0.94) T8%
Tu et al. (2025) - XGBoost - —— 0.930 (0. 91-0.95) Ta%
Random-effects pooled AUROC - ’ 0.847 {0.B2-0.87)  100%
95% predichon inrasval
0.70 0.75 0.80 0.85 0.90 0.95 1.00

Area under the ROC curve (AJROC), 95% CI

Heterogeneity: ©f = 0.110, Q = 352.5 (df = 11|, /¥ = 56.9% | Pooled AUROC €.85 (95% CI 0.82-0.87); 95% prediction interval 0.74-0.92
Marker size is proportional to study weight. Pooling perforrmed on the logit-aLUROC scale (Dersimonian-Laird ). Estimates are the best-parforming model per study

Fig. 2: Overall Forest Plot

In Fig. 3, Deep-learning models had a pooled AUROC of = Heterogeneity remained high in both groups (1> > 94%),
0.862 (95% Cl: 0.82—0.89), compared with 0.837 (95% Cl: suggesting that model family contributed little to the
0.79-0.87) for tree-based/classical ML models. The  observed variability.

difference was not significant (z = 0.96, p = 0.34).

AUROC (95% Ci)

Deep learming (RNN / CNN / GRU) -

Chua &t al. (2021) - Bidirectional RN (TITV) - R o 0.810{0.78-0.84)
Griffin ot al. (2024) - ANN with GRU = —— 0820 {0 81-0 83)
Le etal (2021} - Convolstional newral net - — 0.860 (0.84-0.88)
Eim et al. {2021} - Stacked RMN - y —l— 0880 {0 B6-0.90)
Tomasev et al. (2019) - Recument neural netweork - H — 0.921 (0.90-0.94)
Subtotal (B = 5 /7 = 94%) - -*- 0.862 (0.82-0.89)
Tree-based & ML (GBM / )
He et al {2019)] + Voting ensemble (LR + RF) = —— 0.744 (0.72-0.78)
Gong et al. (2021) - XGBoost - —_— 0.741 {0.77-0.80)
Sang et al. {2020) © Gradient boasting (Xal) - el 0.8140 (0 79.0.83)
Lea et al. [2021} - LightGBM - e 0.810{0.78-0.34)
Crurpek ot al. (2020) - Gradiens Boosting machi ne - —.— 0.850 {0 85-0.87)
koynar &t al, (2018) - Gradien: booasting machine - - 0.870 (0 86-0.88)
Wuetal (2025) - NGBoost - —— 0.930 (0 91-0.95)
Subtotal (n=7; 7 = 98%) - -* 0.837 (0.79-0.87)
Overall (all 12 studies) - ’ 0.847 ({0.82-0.87)

oI 075 0,80 0.85 0.90 0.95 1.00
Area under the ROC curve (AURDC), 95% CI

Test for subgroup differonces; 7= 0,96, p = 0,34 (ehiolute differences in pooled AURDE = +0.026)
Subgroup estimates use the same random-gtfects maded as Agure 1. Both subgroups remain nighly heterogeneaus, 5o this comparsan & absarvational, not causal,

Fig. 3: Subgroup Analysis by Model Family
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DISCUSSION

This systematic review and meta-analysis evaluated the
predictive performance and clinical utility of Al/ML
models for HA-AKI. Across 12 studies, the pooled AUROC
was 0.847 (95% Cl: 0.82-0.87),
discrimination. However, heterogeneity was substantial
(1 = 96.9%), with a 95% prediction interval of 0.74-0.92,
indicating considerable variability in performance across

indicating good

populations and healthcare settings. Thus, the pooled
estimate should be interpreted as an overall summary
rather than the expected performance of an individual
model.

The observed performance is consistent with previous
studies demonstrating the potential of Al/ML for early
AKI prediction. Koyner et al. reported AUCs of 0.90 and
0.87 for stage 2 AKI prediction at 24 and 48 hours,
respectively. ! Churpek et al. reported AUCs of 0.85—
0.86 for stage 2 or higher AKI across multiple health
systems, supporting the potential for clinically useful
discrimination following external validation. ® Tomasev
et al. further demonstrated that continuous deep
learning using longitudinal EHR data could predict future
AKI, including dialysis-requiring episodes. 7/

The high heterogeneity observed in our analysis is
clinically important. Previous evidence has demonstrated
substantial variation in AKI prediction studies regarding
patient populations, settings, predictors,
prediction horizons, AKI definitions, algorithms, and

clinical

validation strategies. ¥ Vagliano et al. reported AUCs
ranging from 0.49 to 0.99 across 46 ML-based AKI studies
and identified frequent concerns regarding risk of bias,
limited external validation, and inadequate calibration
assessment. [ These differences likely contribute to the
variability observed in the present analysis.

Subgroup analysis showed no significant difference
between deep-learning and tree-based/classical ML
models. Deep-learning models had a pooled AUROC of
0.862 (95% Cl: 0.82—0.89), compared with 0.837 (95% ClI:
0.79-0.87) for tree-based/classical ML models (z = 0.96,
p = 0.34). Heterogeneity remained high in both groups (I
>94%), suggesting that model architecture alone does
Patient
availability,

not explain the observed variability.

characteristics, AKI stage, predictor

prediction horizon, data quality, and validation strategy
may have greater influence on performance. ¥
The prediction interval of 0.74-0.92 further emphasizes

the importance of model transportability. Although the

pooled AUROC indicates good discrimination,
performance may differ substantially when models are
applied to new hospitals or populations. Churpek et al.
demonstrated relatively consistent performance across
multiple health systems, but external validation remains
limited among AKI prediction models. *# Independent
and prospective validation is therefore important before
widespread clinical implementation.

Importantly, discrimination alone does not establish
clinical utility. Models with high AUROC may have limited
practical value if calibration is poor, false-positive alerts
are excessive, or predictions do not lead to effective
clinical interventions. Studies such as those by Lee et al.
and Griffin et al. highlight the potential importance of
decision-curve analysis and reducing alert burden when
evaluating clinical implementation. %! Future studies
should therefore report calibration, decision-curve
analysis, alert burden, interpretability, and patient-
centered outcomes alongside discrimination measures.
The methodological quality and transparency of Al
prediction studies also warrant attention. TRIPOD+AI
provides guidance for transparent reporting of Al-based
while PROBAST+AI

framework for assessing risk of bias and applicability.

prediction models, provides a
(23241 Adoption of these frameworks may improve
reproducibility and facilitate comparison across models.
The clinical implications of these findings are that Al/ML
models show promise as early-warning tools for HA-AKI,
but their highly
dependent. Future research should prioritize multicenter

performance appears context
external and prospective validation, standardized AKI

definitions and prediction horizons, calibration
assessment, interpretability, and evaluation of clinical
outcomes. Assessment of alert burden and workflow
integration will also be important to determine whether

translates into
e. [4,23,24]

improved prediction meaningful

improvements in patient car

STRENGTHS
This systematic review has several strengths, including a
comprehensive literature search, predefined eligibility

criteria, guantitative synthesis of  predictive

performance, assessment of heterogeneity, and

subgroup analysis by model family. The prediction
interval additionally provides clinically relevant
information regarding the expected variability of model

performance across future settings.
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LIMITATIONS
Several limitations should be acknowledged. Only 12
studies were included in the quantitative synthesis,
limiting the statistical power of subgroup analyses.
Considerable clinical and methodological heterogeneity
existed in patient populations, AKI definitions, prediction
horizons, predictors, validation
Most

predominantly retrospective, EHR-based, which may

algorithms, and

strategies. studies were observational and
limit generalizability. Furthermore, AUROC primarily
reflects discrimination and does not fully capture

calibration or real-world clinical effectiveness.

CONCLUSIONS

Al and machine learning models demonstrate good
overall discrimination for predicting hospital-acquired
acute kidney injury, with a pooled AUROC of 0.847 (95%
Cl: 0.82-0.87). However, the substantial heterogeneity
(17 = 96.9%) and wide prediction interval (0.74-0.92)
indicate considerable variability in performance across
clinical settings. Deep-learning and tree-based/classical
ML models showed comparable predictive performance,
suggesting that model architecture alone does not
explain this variability. These findings support the
potential of Al/ML as early-warning tools for HA-AKI,
while emphasizing the need for robust external and
prospective validation, calibration assessment, and
evaluation of clinical utility before widespread clinical
implementation.
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