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Abstract

Background Acute kidney injury (AKI) is a major complication in critically ill patients, burdening both patients

and healthcare systems. We previously introduced an Al-based model for early and continuous prediction of ICU-
acquired AKI (ICU-A-AKI-2/3). In this study, we enhanced the model to better handle missing data, a common chal-
lenge in clinical settings. The upgraded model was validated in both retrospective and prospective cohorts, demon-
strating improved robustness and predictive performance.

Methods The model was validated in retrospective cohorts from three countries (US, Netherlands, Italy; N=70,107
ICU admissions) across 176 ICUs. It was then prospectively validated in three European hospitals (Italy, Spain; N=329)
from May to October 2023. Using an XGBoost classifier, the model analyzes clinical data from ICU patients to predict
hourly risk probabilities for AKI stages 2 and 3, as defined by KDIGO.

Results In retrospective cohorts, the Al model achieved an auROC greater than 0.89 for early detection of ICU-
A-AKI-2/3. Prospective validation showed auROCs between 0.82 (95% Cl 0.73-0.92) and 0.96 (95% Cl 0.92-0.99)
across hospitals, with a mean lead time of approximately 14 h.

Conclusions This enhanced Al model offers timely prediction of ICU-A-AKI-2/3 episodes, as demonstrated
across diverse cohorts. Its high predictive performance represents a significant advancement in integrating Al
into clinical workflows, enhancing AKI management and improving clinical outcomes in ICU settings.
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Introduction

Critically ill patients are susceptible to developing organ
dysfunction during intensive care unit (ICU) admis-
sion. Acute kidney injury (AKI), a sudden and silent
decrease in renal function, is a major complication linked
to increased morbidity, mortality, and healthcare costs
[1, 2]. Approximately one-fifth of hospitalized patients
experience ICU-acquired AKI stage 2/3 KDIGO (ICU-A-
AKI-2/3), 40% of whom are oliguric and face worse out-
comes [3, 4]. From an economic perspective, managing
AKI incurs high healthcare costs [5, 6].

Current AKI diagnostic criteria rely on urine output
and serum creatinine changes, which fail to respond
in a timely manner, leading to delayed recognition and
suboptimal management. Late diagnosis of AKI and
delayed management may be linked to an increased risk
of poor renal recovery, resulting in significant short- and
long-term consequences, such as a greater likelihood of
progressing to chronic kidney disease and ultimately
requiring dialysis or transplantation [7, 8].

Timely identification of patients with an increased risk
of AKI can potentially enable proactive management
approaches to mitigate AKI progression and its compli-
cations, improving clinical and operational outcomes
in the ICU. In the past decade, with the advent of arti-
ficial intelligence (AI) and machine learning (ML) tools,
the ability to predict clinical syndromes has significantly
improved [9]. While several studies have focused on early
AKI detection, many lack extensive prospective valida-
tion or real-world data or are affected by methodological
biases such as retrospective design, single-center set-
tings, or selection of highly specific patient populations,
which limit the generalizability of their findings [10].

A key limitation of existing models is their inability to
handle missing data, reducing their real-world applicabil-
ity where some clinical parameters could be missing.

In this context, “early” and “timely” prediction refer
to model alerts occurring sufficiently in advance of AKI
onset to allow clinical intervention, as quantified by lead
time. Although no universally accepted threshold exists,
predictions occurring several hours before onset (up to
approximately 24 h) are generally considered clinically
actionable in ICU settings. We previously conducted
studies with the aim of developing an Al-based model
to predict the risk of ICU-A-AKI-2/3 during ICU admis-
sion. Deep and machine learning techniques were devel-
oped [11, 12] for oliguric and nonoliguric AKI, leveraging
routinely collected clinical parameters, including labo-
ratory values, demographic information, and vital signs
[13].

Here, we present an enhanced model designed to
address a key limitation of existing AKI prediction model:
the management of missing clinical data. In this work, we
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transitioned from the previously used Random Forest
to XGBoost, due to its native handling of missing values
and strong performance on structured clinical data. The
model was developed, tested, and externally validated in
a large retrospective multicenter cohort of ICU patients.
It was then integrated into the electronic health records
systems of three ICUs for prospective validation in real-
world scenarios.

Materials and methods

Data sources and inclusion criteria

The retrospective study cohorts were derived from four
different sources in multiple centers in various coun-
tries. The databases included the Mimic-III database
[14], which stores data from Beth Israel Deaconess
Medical Center in Boston (53,423 admissions, 38,597
distinct patients from 2001 to 2012); the eICU collabo-
rative research multicenter database [15], which contains
data from more than 200 different United States ICUs
(200,859 admissions, 139,367 patients from 2014—2015);
the Amsterdam UMC database [16], which contains
anonymized data from 20,109 European patients admit-
ted to the university hospital ICU of Amsterdam in the
Netherlands (23,106 admissions from 2003-2016); and
the Margherita Tre database, developed by the Group for
the Evaluation of Interventions in Intensive Care Medi-
cine (GiViTI) [17, 18], which stores data from 27 different
Italian centers (60,430 ICU admissions, 55,702 patients
from 2001-2022). Prospective cohorts were recruited
from Maggiore Hospital (Italy, Lodi), Hospital Univer-
sitario de Tarragona Joan XXIII (Spain, Tarragona) and
Maria Vittoria Hospital (Italy, Turin). All prospective val-
idation sites were general intensive care units, without a
specific clinical specialization.

The use of Mimic-III was motivated by the need to
ensure methodological continuity with the previously
developed version of the model, allowing direct assess-
ment of improvements without introducing confound-
ing factors related to dataset differences.The inclusion
criteria for the cohorts wereadults aged 18 years or
older admitted to the participating ICUs. We excluded
critically ill patients who were already receiving renal
replacement therapy (RRT) at ICU admission or who had
community-acquired AKI (CA-AKI), defined as stage 2
or 3 AKI at ICU admission.

Additionally, patients were excluded if they had miss-
ing data on weight, height, and age. For the retrospec-
tive cohort, patients were excluded if their urine output
or serum creatinine data were missing in the first 12 h
after ICU admission. For the prospective cohort, patients
were excluded if these data were missing in the first 24 h
after ICU admission, to increase patient enrollment and
better reflect real-world data availability (where the first
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measurement of Serum Creatinine or Urine Output can
happen also between the 12th and 24th hour after ICU
admission). These exclusions were applied prior to anal-
ysis to ensure reliable AKI definition. The number of
excluded patients in the prospective cohort is reported
in Supplementary Material Suppl. Info (Section ],
Table S13), and their exclusion may represent a potential
source of selection bias. To evaluate the potential impact
of this criteria, we performed a sensitivity analysis apply-
ing a 12-h window, consistent in the prospective cohort
with the retrospective cohort.

Finally, patients with an ICU length of stay shorter than
24 h were excluded.

The study was conducted in accordance with the Dec-
laration of Helsinki. Ethical approval was obtained from
the relevant institutional review boards at participating
centers, and informed consent was obtained in accord-
ance with national regulations where applicable.

Definitions
Acute kidney injury (AKI) was diagnosed according to
the KDIGO 2012 guidelines [19].

In the retrospective cohort, the nadir value of serum
creatinine during hospital admission was used as baseline
serum creatinine (bsCr) [20]. Moreover, a study-specific
weight-adjusted correction was applied to reduce poten-
tial AKI misclassification when baseline creatinine was
estimated from nadir values (see Suppl. Info, Section A,
Table S1).

In the prospective cohort, a clinical team composed by
Intensive Care Unit physicians at each hospital manu-
ally validated the AKI stage diagnosed for each patient
according to both the KDIGO 2012 guidelines and the
clinical conditions of the patient after patient discharge
from ICU.

Patients were labelled "positive” if ICU-A-AKI-2/3
occurred during ICU admission. For model validation,
the time between ICU admission and the first ICU-A-
AKI-2/3 trigger was used. Patients who did not develop
ICU-A-AKI-2/3 were labelled "negative," with the entire
ICU stay as the study period. Clinical follow-up was con-
ducted until ICU discharge.

Data handling
Data availability in the retrospective datasets, as a proxy
of data availability in a real-world scenario, guided the
selection of the initial set of clinical variables. These
were harmonized across cohorts using uniform units and
timestamps. To ensure data quality only physiologically
plausible values were retained [21].

Data were resampled to a common hourly time grid
to harmonize variables with heterogeneous sampling
frequencies. For variables with multiple measurements
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within a given hour (e.g., vital signs), the last recorded
value was retained and aligned to the subsequent full
hour using a sample-and-hold approach. Urine out-
put was aggregated over each hour and normalized by
adjusted body weight.

Laboratory variables were forward-filled with a maxi-
mum carry-forward window of 4 days, while dynamic
variables (e.g. vital signs) were forward-filled up to
12 h. No imputation was applied beyond these clinically
defined limits.

Imputation was required to enable construction of
temporal features over sliding windows.

Although XGBoost can inherently handle missing val-
ues, this preprocessing step was required to support
time-dependent feature extraction. The same preprocess-
ing pipeline was applied consistently to both retrospec-
tive and prospective datasets.

For prospective validation, the model was integrated
into the production electronic health records (EHR) sys-
tem of the ICU. The HL7 communication interface facili-
tated data exchange between the EHRs and the Al-based
platform. Patient data required for model execution were
automatically extracted and processed from the EHRs
of all three participating hospitals as in the retrospec-
tive study. The acquisition frequency of each parameter
reflects the clinical practices at each participating center.
Serum creatinine and urine output measurements and
other variables, were obtained as part of routine clinical
care at each participating center and were not protocol-
mandated by the study. Model predictions were initiated
once both serum creatinine and urine output became
available.

A detailed descriptions of the clinical parameters, data
processing methods, and feature engineering process
used in the study can be found in Suppl. Info, Section B.

Feature selection, model training and validation
Candidate predictors were selected for their clinical rel-
evance, guided by clinicians’ expertise and by evidence
from the existing literature, as in our previous work
[13]. Furthermore, a feature selection procedure using
Gini importance was then applied to identify variables
with the highest predictive value. The final set of predic-
tors included vital signs (heart rate, diastolic and systolic
blood pressure), laboratory tests (albumin, blood urea
nitrogen (BUN), hematocrit, hemoglobin, platelet count,
serum creatinine, white blood cell count), urine output.
Patient demographics (age, height, weight, and gender)
were collected to calculate the adjusted body weight used
for urine output normalization, but were not included as
independent predictors.

The training process was conducted using retrospec-
tive data, which were randomly split into sets as in
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Fig. 1. The Al model was trained on 15,199 ICU admis-
sions from the Mimic-III and Amsterdam UMC datasets
via an XGBoost classifier, which was selected because
it inherently manages missing values during training by
learning optimal directions for missing data at each deci-
sion tree split, effectively bypassing the need for explicit
imputation [22, 23]. This allows the model to exploit any
informative signal associated with missingness itself,
which is particularly relevant in clinical datasets where
the absence of a measurement may reflect implicit clini-
cal decisions or patient conditions.

To optimize model performance and ensure robust-
ness, hyperparameter tuning was performed using
repeated k-fold cross-validation (k=5) on the train-
ing set, with grid search over key XGBoost parameters,
including learning rate, maximum tree depth, number of
estimators, and subsampling ratios. The final configura-
tion was selected based on average performance across
folds, to ensure stability and minimize overfitting. The
model calibration was then assessed on a separate cali-
bration set to assess the reliability of the predicted prob-
ability estimates.

The model computes an hourly updated risk prediction
of developing ICU-A-AKI-2/3 in the next 24 h, and the
risk score is computed once at least both the serum cre-
atinine level and the urine output are available.

Lead time was defined as the time difference between
the first model prediction exceeding the predefined
decision threshold and the onset of ICU-A-AKI-2/3.
This metric was computed only for patients who devel-
oped AKI (true positive cases). The proportion of alarms
within 24 h was defined as the percentage of true positive
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cases in which the model generated an alert within the
24 h preceding ICU-A-AKI-2/3 onset.

To better characterise variability in prediction timing,
lead time is reported using both mean and standard devi-
ation. Model performance (AUROC) is computed across
all prediction time points, reflecting discrimination in a
continuous-time prediction setting. This approach cap-
tures overall performance across heterogeneous lead
times but does not explicitly stratify performance by tem-
poral distance from AKI 2/3 onset, which should be con-
sidered when interpreting the results.

All evaluation metrics were calculated at a fixed deci-
sion threshold, determined on the calibration set. We
evaluated different operating points to balance sensitiv-
ity and specificity and selected the threshold correspond-
ing to 80% sensitivity, aiming to optimize early detection
while controlling false positives (Supplementary Sec-
tion D, Tables S3). The model was then validated across
all populations without retraining. In the performance
evaluation, each patient was counted only once, and
clinicians were alerted if the risk score exceeded this
threshold.

Statistical analyses

The sample size calculation was performed specifically
for the prospective validation cohort to ensure adequate
precision of the AUROC estimate. It was based on an
expected AUROC of 0.85 (derived from retrospective
data) and an outcome prevalence of 15% resulting in a
required sample size of at least 306 patients. This sample
size ensures a 95% confidence interval (CI) with a margin
of error of<0.10 for the AUROC estimation. No sample

Initial ICU stays

AmsterdamUMC , MIMIC - Ill, elCU,

MargheritaTre

n® ICU centers :

n° ICU stays:
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337’818
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Enrolled ICU stays
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Fig. 1 Scheme of data split into different sets. No ICU stays: Number of ICU stays associated with unique patients in each dataset
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size constraint was applied to retrospective datasets,
where all available data were used for model develop-
ment and validation.

Baseline characteristics and outcomes were compared
between patients with and without stage 2 or 3 AKI
(KDIGO) during ICU admission. Continuous variables
are presented as medians with interquartile ranges and
were compared via the Mann—Whitney U test, whereas
categorical variables are presented as numbers and per-
centages and were compared via Fisher’s exact tests (Sup-
plementary Section E, Tables S5, S6).

Model performance was evaluated via the area under
the receiver operating characteristic curve (auROC) and
precision—-recall curve (auPRC). Confidence intervals
for both were generated by bootstrapping (1000 repli-
cations). The sensitivity, specificity, positive predictive
value (PPV), negative predictive value (NPV), positive
likelihood ratio (LR+) and lead time (the time differ-
ence between the model alarm and the onset of ICU-A-
AKI-2/3) were calculated at fixed thresholds.

Results

We included 70,107 ICU admissions from 64,511 unique
patients of 176 ICUs in Europe and the United States
in the retrospective section of the study. The Al-based
model was trained on a total of 15,199 ICU admissions
derived from the Mimic-III and Amsterdam UMC data-
sets and then validated in the remaining cohort. In the
retrospective dataset, the incidence of ICU-A-AKI-2/3
varied among various ICUs, ranging from approximately
10% to 19%. The sex distribution was 59-66% male
among the cohorts, and the median age was 64—68 years.
The patient characteristics are summarized in Supple-
mentary Section C and Table S2.

In this prospective study, we enrolled 329 patients
from Italy and Spain. The patient characteristics in the
prospective study are described in Table 1. The inci-
dence of ICU-A-AKI-2/3 differed across centers (9-20%).
More than half of the population was male (53-65%),
with a median age of 61-71 years. Statistical differences
between retrospective and prospective studies were
investigated and are reported in Supplementary Section
E, Tables S5 and S6. In both retrospective and prospec-
tive studies, the ICU length of stay was greater for those
with ICU-A-AKI-2/3. Data missingness analysis among
different cohorts in retrospective and prospective stud-
ies revealed similar results (see Supplementary Section F,
Tables S7 and S8).

Retrospective cohorts

When the model was tested on the internal test set
(Amsterdam UMC and Mimic-III datasets), the auROC
was 0.950 (95% CI 0.942, 0.959) for Amsterdam UMC
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Table 1 Main characteristics of the prospective enrolled

population
Maria Vittoria Maggiore Joan XXIll
Hospital'’s Hospital’s hospital’s
cohort cohort cohort
No Patients (= No 104 110 115
ICU stays)
No AKI (stage 2/3 10 (9.62%) 16 (14.55%) 23 (20.0%)
KDIGO)
sCr-AKI 7(70%) 2(12.5%) 0 (0.0%)
Uo-AKI 3(30%) 14 (87,5%) 23 (100.0%)
Gender
Male 55 (52.88%) 72 (65.45%) 73 (63.48%)
Age
Median 66 [55-77] 71 [57-78] 61 [48-71]
18-39 10 (10%) 12 (11%) 8 (7%)
40-49 (9%) 5 (5%) 20 (17%)
50-59 ( 5%) 4 (13%) 22 (19%)
60-69 5 (24%) 9 (17%) 29 (25%)
70-79 25 (24%) 4 (31%) 29 (25%)
80+ 9 (18%) (24%) 3 (3%)
Chronic Kidney 5(14.42%) 2(10.91%) 0 (0%)
Disease
Reason for Admission
Cardiovascular 7.0 (6.73%) 6.0 (5.45%) 3 (3%)
Respiratory 39.0 (37.5%) 480 (43.64%) 28 (24%)
Surgical 14.0 (13.46%) 16.0 (14.55%) 8 (7%)
Neurological 10.0 (9.62%) 13.0(11.82%) 24 (21%)
Trauma 4.0 (3.85%) 0.0 (0.0%) 24 (21%)
Sepsis 9.0 (8.65%) 13.0 (11.82%) 3(11%)
Other 42.0 (40.38%) 25.0(22.73%) 7 (15%)
Length of ICU stay (h) 86 [44-215] 94 [48-166] 137 [70-294]

sCr-AKI: AKI defined by serum creatinine criteria; Uo-AKI: AKI defined by urine
output criteria

and 0.885 (95% CI 0.867, 0.903) for Mimic-III (Fig. 2).
The auPRC was 47.9% for Amsterdam UMC and 40.6%
for Mimic-1III. By using a fixed threshold, the model pre-
dicted the development of ICU-A-AKI-2/3 with mean
lead times of 25.5 h for Amsterdam UMC and 36 h for
Mimic-III. The sensitivity, specificity, and PPV are
detailed in Table 2. A good balance between sensitiv-
ity and specificity was achieved in the Amsterdam UMC
population, resulting in a specificity of 83.7% and a sen-
sitivity of 89.6%. In comparison, the model applied to
the Mimic-III dataset had a sensitivity of 77.2% and a
specificity of 81.0%. The PPVs were close to 50% in both
cohorts, likely due to the low prevalence of the positive
endpoint.

In the external retrospective validation, the auROC was
0.911 (95% CI 0.907, 0.915) for the eICU and 0.939 (95%
CI 0.932, 0.945) for Margherita Tre (Fig. 2). The specific-
ity and sensitivity were 83.9% and 82.1%, respectively, for
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Fig. 2 auROC curves of retrospective validation sets. auROC: area
under receiver operating characteristic curve

the eICU and 91.9% and 73.4%, respectively, for Margh-
erita Tre. Additionally, mean lead times ranged from 23 h
in the eICU to 43 h in Margherita Tre [13]. Notably, over
73.5% of true positive alerts occurred within the 24 h pre-
ceding AKI-2/3 onset, indicating that most predictions
were generated within a clinically actionable timeframe.

Details of the comparison between the previously
developed and enhanced Al models are provided in Sup-
plementary Section G and Table S9.

To ensure the model’s fairness and generalizability, we
conducted additional tests to identify and solve poten-
tial biases in the retrospective population. Bias checks
across key demographic and clinical subgroups, includ-
ing age and comorbidities. These analyses revealed mini-
mal to no significant bias, supporting the robustness of
the model in heterogeneous ICU populations. Details of
these assessments are reported in Supplementary Section
H and Figs. S1-S4.

In addition, to evaluation the model’s performance
and reliability, we computed Brier Score, as it reflects
the model’s calibration across cohorts. The Brier Score
was 0.058 on the AmsterdamUMC test set, 0.099 on the
Mimic-I1I test set, and 0.079 on the eICU test set.

Prospective cohorts

In the prospective cohort, the first model prediction
occurred after a mean of 9.0+6.5 from ICU admission,
corresponding to the availability of both serum creati-
nine and urine output. (Supplementary Section K and
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Table S15), while the time from ICU admission to AKI
onset is reported in Supplementary Section J (Table S14).
The AI model tested on 104 patients at Maria Vittoria
achieved an auROC of 0.960 (95% CI 0.92, 0.99), with a
sensitivity of 70%, specificity of 97%, and mean lead time
of 20 h at the preselected threshold determined during
the development phase of the model. At Maggiore Hos-
pital, with 110 enrolled patients, the model achieved
an auROC of 0.869 (95% CI, 0.80, 0.94), a sensitivity of
75%, and a specificity of 80%, with a mean lead time of
14 h. When the model was tested on 115 patients from
Joan XXIII Hospital, the auROC was 0.820 (95% CI, 0.73,
0.92), with a sensitivity and specificity of 76% and 83%,
respectively. The mean lead time was 18 h (Fig. 3). The
AuPRC was equal to 0.448, 0.355, and 0.428 in Maria Vit-
toria, Maggiore, and Joan XXIII Hospital, respectively.
Additionally, the computed PPVs were 70%, 39%, and
46%, respectively. In the pooled cohort of 329 patients,
the AI model achieved an auROC of 0.876 (95% CI, 0.836,
0.926), a sensitivity of 77%, a specificity of 84%, and a
mean lead time of 17 h (Table 2). The distribution of lead
times showed variability across patients, with both short-
term and longer-term predictions. Over 70% of true
positive alerts occurred within the 24 h preceding ICU-
A-AKI-2/3 onset, indicating that most predictions were
generated within a clinically actionable timeframe.

We also assessed the model’s calibration at each indi-
vidual center where the prospective study was conducted
by computing the Brier Score, it was 0.057 for Maria Vit-
toria Hospital, 0.106 for Maggiore Hospital, and 0.135 for
Joan XXIII Hospital.

Sensitivity analysis

As described in the methods, owing to frequent missing
sCr measurements before ICU admission, we used the
nadir in-hospital sCr value as bSCr in the retrospective
study.

A sensitivity analysis was conducted by changing the
bSCr calculation methods to test the model’s robustness.
The Al model maintained strong predictive accuracy for
ICU-A-AKI-2/3 across different bSCr methods, with
auROCs >0.82 in all cohorts. Further details are provided
in Supplementary Section I, Tables S10 and S11.

Discussion
We developed and extensively validated an improved Al
model for predicting ICU-A-AKI-2/3, with retrospec-
tive validation and prospective validation across multiple
centers. The model uses only existing clinical variables
and adapts to real-world ICU scenarios by handling miss-
ing data.

In all settings, it demonstrated the ability to predict
ICU-A-AKI-2/3 risk with high sensitivity and specificity,
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Fig. 3 auROC curves of prospective validation sets. auROC: Area
under receiver operating characteristic curve

showing promising results in terms of auROCs (0.82—
0.96) over multiple ICUs in various countries. Com-
prehensive validation, including internal, external, and
prospective assessments, highlights the model’s robust
performance, which is rare among Al models for ICU
AKI prediction [24]. The developed model is intended as
a clinical decision support tool. When a patient is flagged
as high-risk, clinicians may be prompted to implement
preventive strategies aligned with KDIGO recommen-
dations, including optimization of hemodynamic status
and perfusion pressure, review and discontinuation of
nephrotoxic agents, adjustment of drug dosing based on
estimated glomerular filtration rate, and closer monitor-
ing of renal function and urine output.

Lead times on the order of several hours to one day are
generally sufficient to enable these interventions in ICU
practice, supporting the clinical relevance of the model
predictions.

The moderate PPV values are expected given the
relatively low event prevalence and the selected operat-
ing point, which prioritizes sensitivity and early detec-
tion. For this reason, the model is intended to support
clinical reassessment rather than trigger an automatic
intervention.

In contrast to other predictive approaches, our model
offers distinct advantages. Liang et al. developed and pro-
spectively validated a model for the prediction of severe
AKI 48 h post-ICU admission, achieving values of 0.86
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(retrospective) and 0.84 (prospective) [25]. However, its
reliance on clinical notes, daily risk scores, and single-
center validation limits its generalizability.

Sun et al. developed and prospectively validated Al
models for predicting various clinical complications,
including AKI, in ICUs and hospital wards [26, 27].
However, their model differs from ours in that it is not
intensive care unit (ICU) specific, lacks continuous pre-
dictions, and provides results only at admission and dis-
charge. It requires recalibration for each hospital, which
may limit its scalability and deployment across diverse
locations.

Flechet et al. prospectively validated an AKI predic-
tor, a machine-learning model, to predict AKI 2/3 in ICU
patients and compared the results to clinician judgment
[28]. The model performed similarly to physicians in pre-
dicting both oliguric and nonoliguric AKI-2/3, despite
being trained specifically for creatinine-based AKI.
However, its predictions were limited to ICU admission
and 24 h later, it lacked continuous monitoring, and it
required manual data entry because of the absence of
EHR integration.

The other approach to AKI prediction and patient risk
stratification in the ICU is the use of biomarkers. Sev-
eral biomarkers, including NGAL, TIMP-2, IGFBP7
and L-FABP, have been proposed in recent years [29].
Although promising, their integration into clinical prac-
tice faces challenges, including varying thresholds found
across studies, biases derived from acute and chronic
health conditions, and difficulties in determining optimal
testing times owing to the ambiguity of early kidney dete-
rioration signs.

Unlike biomarkers, our model operates automatically
without requiring additional blood or urine sampling. It
provides hourly risk predictions, allowing clinicians to
monitor risk score trajectories and detect both oliguric
and nonoliguric AKI associated with various etiologies
[4, 30].

Prospective multicenter validation confirmed the
robustness of our Al model across different ICU settings
without requiring recalibration. Despite a slight perfor-
mance drop from retrospective to prospective validation,
the model maintained good to excellent discrimination
(auROCs>0.82) and a mean lead time ranging from 14
to 20 h across datasets, demonstrating its effectiveness in
real-world clinical environments for early AKI detection
and management.

The reported lead time of 14—20 h refers to mean values
across datasets and does not represent a fixed prediction
horizon. In this continuous prediction framework, risk is
dynamically updated over time, and lead time emerges
from the timing of threshold crossing. Model discrimi-
nation (AUROC) is computed across all prediction time
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points and therefore reflects aggregate performance over
heterogeneous lead times. Differences in mean lead time
across datasets likely reflect differences in data density
and clinical trajectories, and should be considered when
interpreting cross-dataset comparisons.

In particular, we observed a relevant difference in the
prevalence of ICU-acquired AKI stage 2/3 across centers,
ranging from 9 to 20%, as patients were enrolled in gen-
eral ICUs across different countries, where differences in
AKI incidence and CKD prevalence likely reflect varia-
tion in case mix, illness severity, and patient populations.
This heterogeneity may influence both model calibra-
tion and discrimination, as models trained on aggregated
data can be sensitive to shifts in outcome prevalence and
variable distributions, especially in critical care contexts
where local protocols and resource availability differ sub-
stantially [16]. Notably, Maria Vittoria Hospital achieved
the highest auROC and lead-time, likely due to its greater
similarity to the training cohorts and potentially lower
ICU complication rates, as suggested by shorter average
ICU length of stay.

The strong performance observed in our study may
be attributed to several methodological factors, includ-
ing the use of high-resolution longitudinal data, rigor-
ous data harmonization across heterogeneous datasets,
explicit modeling of temporal dynamics through sliding-
window features, and extensive external and prospec-
tive validation across centers.A minor variation in Brier
Scores across centers was observed, reflecting small dif-
ferences in calibration performance. The highest score
(0.135) was observed at Joan XXIII Hospital, which may
relate to a higher AKI prevalence and differences in
cohort characteristics compared to the training popula-
tion, factors known to influence the alignment between
predicted and observed risks. Importantly, these vari-
ations remain within an acceptable range and are not
indicative of reduced generalizability, but rather reflect
the expected challenges of applying predictive models
across heterogeneous clinical settings.

The 27th Acute Disease Quality Initiative (ADQI)
international workgroup highlighted the need for digital
tools to enhance AKI management in the ICU [31]. These
tools can help identify high-risk patients for tailored sur-
veillance and interventions. Interventional trials have
shown that a KDIGO prevention bundle significantly
reduces moderate and severe AKI incidence, underscor-
ing the potential of timely risk stratification [32, 33]. Our
Al model aligns with this vision, offering continuous risk
monitoring and supporting timely interventions, such
as KDIGO bundle implementation. Future studies could
explore the integration of AI models with biomarkers to
leverage their combined strengths, potentially refining
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risk stratification, reducing unnecessary testing, and
enhancing clinical decision-making.

Limitations

Our study has several potential limitations. First, we
excluded pediatric patients, so our model cannot be
applied to this population, despite its potential benefits,
as recently suggested by Fragasso et al. [34].

Second, the prospective validation was observational
and did not include active interventions, so while the
model’s performance was assessed, its impact on clini-
cal outcomes remains to be determined. Future research
should focus on integrating the AI model into ICU work-
flows and AKI care bundles to assess its effect on clinical
and economic outcomes.

Third, the lack of measured bSCr values requires esti-
mation for patients. In this retrospective study, we used
the nadir in-hospital sCr value. Siew et al. [20] found that
using nadir in-hospital sCr achieved 81.7% sensitivity and
79.8% specificity for AKI diagnosis compared with pre-
hospital baseline values. This method caused some mis-
classifications: ~ 2.8% for stage 2/3 AKI and ~ 1.5% for the
negative endpoint, similar to the findings of Za'vada et al.
[35]. Notably, Siew et al. [20] did not include the urine
output criterion, which we incorporated to reduce sCr-
related inaccuracies. Sensitivity analysis confirmed the
AI model’s robustness despite differing bSCr estimation
methods in retrospective and prospective validations.
However, slightly lower performance was observed when
nadir bSCr was used, as this method may overestimate
AKI incidence owing to fluid therapy-related sCr dilu-
tion, especially in smaller samples.

A further limitation relates to the use of multicenter
datasets for the development phase, which may introduce
unrecognized biases or heterogeneity since not designed
specifically for training predictive modeling. Although
we implemented extensive data harmonization align-
ing units of measurement, outlier removal, data format-
ting across centers to ensure consistency in how input
features were represented and conducted subgroup bias
analyses to minimize these effects, residual confounding
cannot be fully excluded. Future larger prospective vali-
dation studies should continue to monitor and address
potential biases in diverse patient populations.

An additional limitation relates to the exclusion of
patients with missing serum creatinine or urine output
data required for AKI definition. These exclusions were
applied prior to analysis and may introduce selection
bias, as excluded patients could differ systematically from
the analyzed population in terms of severity of illness,
monitoring intensity, or clinical trajectory. Consequently,
the reported incidence of AKI and model performance
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may not fully reflect populations with more limited data
availability.

Conclusions

The results of this study are encouraging and indicate
the feasibility of using our AI model to predict moderate
and severe AKI in ICU patients by leveraging real-time
electronic health record data. The model demonstrated
robust prospective performance across several metrics,
including accuracy, sensitivity, specificity, likelihood
ratios, positive predictive value, and lead time.

Although the model demonstrated strong discrimi-
native performance and prospective validation, obser-
vational evaluation alone does not establish its impact
on clinical outcomes. The effectiveness of a prediction
model depends on its integration into clinical workflows
and the actions it triggers. Therefore, interventional stud-
ies (e.g., pragmatic or stepped-wedge trials) are needed
to assess whether model-guided care improves outcomes
and to evaluate potential unintended effects.

Software specification

Statistical analyses and data processing were performed
via Python (version 3.7.9; Python Software Foundation:
http://www.python.org). The XGBoost model was imple-
mented with the scikit-learn library in Python.

Abbreviations
AKI Acute kidney injury

auPR Area under the precision-recall curve

auROC Area under the receiver operating characteristic curve

bSCr Basal value of serum creatinine

CA-AKI Community-acquired AKI

EHR Electronic health record

ICU-A-AKI ICU-acquired AKI

ICU Intensive care unit

IGFBP7 Insulin-like growth factor binding protein 7

KDIGO Kidney disease: improving global outcomes
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sCr Serum creatinine

sCr-AKI Acute kidney injury detected by applying the serum creatinine
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TIMP-2 Tissue inhibitor of metalloproteinases-2
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