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Background: Prompt recognition of patients predisposed to acute kidney injury (AKI) within 72 hours of intensive care unit (ICU)
admission holds significant clinical importance as it can considerably lower mortality rates. However, existing AKI prediction
models often require complex data collection yet yield only moderate performance. This study aims to develop a straightforward
and efficient AKI prediction model, providing ICU physicians with a powerful tool to expedite the detection of AKI patients.
Methods: This study proposed a novel generative adversarial imputation networks-least absolute shrinkage and selection
operator-extreme gradient boosting (Gain-Lasso-XGBoost) framework and developed an AKI prediction model on the basis
of the medical information mart for intensive care (MIMIC-III) database. All the steps, including data preprocessing, feature
selection, development, and optimization of prediction models, are organically integrated into the framework which has strong
scalability. To compare the performance of our model with current models, we conducted a systematic review to collect all studies
on the basis of the MIMIC-11I database with similar objectives.

Results: From 15 demographic and clinical variables, 8 features and 5 features were identified as the optimal group of features and
processed into the model development. The model optimization further improved the performance of our proposed framework,
and the area under curve (AUC) results with 8 and 5 feature vectors achieved 0.849 and 0.830, respectively. Compared with other
studies, our method extracted only 8 or 5 feature vectors and obtained superior performance, with an average AUC 1.9% higher
than the state-of-the-art approaches in the same type.

Conclusions: Our study suggested that the onset of AKI be effectively and quickly predicted using simplified features, and not
just for more specific patient groups. It may help clinicians accurately identify patients at risk of AKI after ICU admission and
provide timely monitoring and treatment.
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Introduction counting for 60% of ICU patients [4]. In this situation, early
prediction and active prevention for AKI patients in over-
whelmed ICU systems are vital so that medical resources

The intensive care unit (ICU) stands out as a unique i :
can be proactively allocated during ICU stays.

department within the hospital, requiring specialized mon-

itoring equipment and the dedicated attention of numerous
medical professionals. Moreover, the cost associated with
ICU care is typically 3.5 times higher than that of standard
patient care [1]. Acute kidney injury (AKI) is a prevalent
condition, representing 22—57% of cases among patients in
the ICU [2]. AKI can result in extended hospital stays, es-
calating healthcare costs, and precipitating severe patient
medical complications, even leading to life-threatening out-
comes [3]. Due to unrecognized kidney injury and delayed
diagnosis, AKI has a consistently high mortality rate, ac-

The development of AKI risk prediction models has
flourished in recent years, and researchers found that AKI
predictors allowed for the selection of high-risk patients or
reduced false positives, and achieved certain results in the
early predictions of AKI, which could provide its predic-
tion earlier than physicians [5]. Unfortunately, there are
two main limitations in these prior AKI prediction meth-
ods. First, most of the studies have used predictors that
are specific to certain types of patients (e.g., burn) [6] or
procedures (e.g., surgery) [7] and do not generalize to other
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Fig. 1. Overall design of the proposed framework.

prediction problems. Furthermore, most existing prediction
models necessitate numerous features for modeling (such as
comorbidities, medications, etc.), resulting in complexity
and reduced practical applicability. To address this prob-
lem, we introduce a new framework to achieve early AKI
predictions by using a few variables. To the best of our
knowledge, in prior research, scholars do not report the sig-
nificance of reducing features in predictive models for ICU
settings.

Materials and Methods

Data Sources

The retrospective cohort used in this study was se-
lected from a publicly available, large-scale database, the
medical information mart for intensive care (MIMIC-III).
The Massachusetts Institute of Technology Lab for Compu-
tation Physiology developed this critical care dataset to sup-
port research in intelligent patient monitoring. It integrated
anonymized, comprehensive clinical data with 46,520 ICU
cases for all consecutive adult patients admitted to the Beth
Israel Deaconess Medical Center between 2001 and 2012

[8].
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This study aimed to predict the occurrence of stage
1 AKI in ICU patients to identify and prevent the condi-
tion deterioration over time. We used the current kidney
disease improving global outcomes (KDIGO) definition of
AKI [9], defined as a serum creatinine level increase of 1.5
times baseline or 0.3 mg/dL within 48 hours. Given the
poor specificity of the AKI classification [10] and inade-
quate data within our dataset, we opted to exclude urine
output criteria. The baseline values were established as the
initial serum creatinine measurement value taken within 24
hours after ICU admission. Therefore, we included only
those 15 years older with at least two Scr values measure-
ments.

As AKI events are associated with time, these bring
barriers to data extraction and usage. However, in the
MIMIC-III database, some features for time-related mea-
surement characteristics were not defined, and the percent-
age of missing values ranges up to more than 60%. For
example, time series, related to mean blood pressure, heart
rate, temperature, hematocrit, albumin, etc., had between
55 and 90% of lost data. In situations of severe data in-
completeness, imputing missing values can significantly di-
minish the overall sample’s informational value and disrupt
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Fig. 2. Determining the appropriate time interval for data extraction. It is noted that the time window for the definition of acute

kidney injury (AKI) is 24 hours after intensive care unit (ICU) admission.

the data’s randomness. Therefore, we decided to exclude
variables potentially related to kidney disease but had over
50% missing values. As a result, our foundational dataset
included 15 characteristic variables.

Analytical Framework

We have proposed a framework for AKI prediction
and interpretation to formulate a user-friendly and practi-
cal prediction model. Fig. | illustrates upstream data pre-
processing and feature selection, downstream model con-
struction and optimization. We utilized the criteria outlined
in the sections discussing primary outcomes and predic-
tive factors to construct our data set. Compared with other
models, we implemented generative adversarial imputation
networks (Gain) algorithms to address the issue of missing
data. Finally, because the value range of the original data
in the dataset used in this article has been determined, we
chose the Min-max normalization method to normalize our
data feature values to the range of [0,1], in order to preserve
the relationship among the original data values.

In supervised machine learning (ML), models with-
out an understanding of causality attempt to map any incor-
porated feature in their dataset to the target variable, even
without a causal relationship. This can result in models that
are inaccurate and prone to errors. Specifically, an excess
of features can lead to overfitting due to increased model
complexity. This study focuses on feature simplification
for enhanced practicability within the framework. Feature
selection involves choosing relevant features and remov-
ing redundant ones for a given classification task [11]. In
this study, we employ popular feature selection methods to
identify the most suitable feature subset for our AKI pre-
diction model. This process simplifies the model, improves
data compatibility with learning model classes, and facili-
tates interpretation by researchers.

Primary Outcome and Predictive Factors

The primary outcome of our study was the incidence
of AKI within 3 days following ICU admission. We used
the maximum creatinine values on days 2 and 3 to assess

whether patients had AKI. The prediction time was shown
with prediction time (Pt), and the AKI incidence time was
48 hours after Pt was shown with event time (Et). The
schematic illustration of the time windows is presented in
Fig. 2. The predicted result in Et is encoded as a binary cat-
egorical dependent variable with two categories: 0 (patient
does not develop AKI at Et) and 1 (patient develops AKI
at Et). As the ratio of 0 to 1 was close to 2:1, we used the
synthetic minority oversampling technique (SMOTE) de-
veloped by Chawla et al. [12] to balance the data.

We endeavored to predict AKI onset by analyzing
clinical data from the MIMIC III database. This data en-
compassed factors like patient age and gender, vital signs
from the first day of ICU admission, laboratory values,
and the total urine volume over 24 hours, among other de-
tails. The choice of candidate variables was guided by
the application of well-established ICU disease risk pre-
diction scoring systems (like acute physiology and chronic
health evaluation (APACHE) and simplified acute physiol-
ogy score (SAPS)), expert advice, and pertinent data within
the dataset.

Prediction Model and Evaluation

In the present study, we utilized the extreme gradi-
ent boosting (XGBoost) algorithm to assess the risk of
AKI among patients in the ICU. Among the machine learn-
ing methods currently in use, XGBoost represents an effi-
cient embodiment of gradient-boosted decision trees. It has
demonstrated outstanding performance across various mod-
els [13,14], exhibiting superior prediction accuracy and ex-
pedited processing time while maintaining computational
economy and simplicity [15,16]. These features are par-
ticularly advantageous when navigating the sparse, high-
dimensional clinical data inherent in AKI prediction. The
unmatched accuracy and speed of XGBoost have solidified
its prominence within the realm of applied machine learn-
ing.

Furthermore, we sought to evaluate the relative per-
formance of XGBoost in comparison with six other preva-
lent machine learning methodologies, namely logistic re-
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Table 1. Characteristics of patients in the medical information mart for intensive care (MIMIC-III) database.

Variable

Normal group (n = 10,316)

AKI group (n=4902)

Age, years (mean + SD)

Male, n (%)

GCS (15-GCS)

Baseline serum creatinine (mg/dL)
first_seq (mg/dL)

Frequency of urine test (/24 hours)

64.63 + 16.74 67.97 £ 14.97
5757 (55.81) 2907 (59.30)
11.22 (14.00) 9.11 (10.00)

1.12 (0.90) 1.80 (1.30)
7.10 (6.00) 5.10 (4.00)
1.50 (1.00) 2.37 (2.00)

R (/minute) 18.97 (18.39) 19.23 (18.59)
PO, (mmHg) 127.81 (124.33) 126.86 (125.00)
WBC (x 10%/L) 11.58 (10.60) 12.82 (11.60)
BUN (mg/dL) 22.27 (17.00) 33.67(26.33)
Na (mmol/L) 138.55 (138.75) 138.09 (138.00)
K (mmol/L) 4.07 (4.03) 431 (4.25)
PH 7.39 (7.39) 7.36 (7.37)
Glu (mg/dL) 135.68 (127.00) 143.79 (132.16)
TVU (mL/24 hr) 2044.71 (1790.00) 1497.04 (1225.00)

AKI, acute kidney injury; GCS, glasgow coma scale; R, respiratory rate; POo, partial pressure

of oxygen; WBC, white blood cell; BUN, blood urea nitrogen; Na, sodium; K, potassium; PH,

the potential of hydrogen; Glu, serum glucose; TVU, total volume urine (in 24 hours). All the

clinical variables are represented as mean (median).

gression (LR), support vector machine (SVM), random for-
est classifiers (RF), artificial neural network (ANN), Gra-
dient Boosting, and light gradient boosting machine (Light-
GBM). As highlighted by the study conducted by Chen et
al. [15], the performance of the XGBoost model can be op-
timized by carefully adjusting the parameters. To facilitate
this process, we employed GridSearchCV to automate the
tuning of hyperparameters.

To develop and compare these models, we randomly
partitioned the analytic cohort into a training set (constitut-
ing 70% of the cohort) and a test set (the remaining 30%).
The risk prediction models for AKI were formulated using
data from the training set. Throughout the model develop-
ment phase, we segmented the training set into 5 folds for
cross-validation purposes: 4 folds were allocated to model
training. In contrast, the remaining fold was exclusively uti-
lized for model validation. The average performance mea-
sure value derived from these 5 rounds was used to sig-
nify the performance of each model. The primary metric
adopted for model selection and final reporting was the area
under curve (AUC). The AUC is determined by calculat-
ing the area beneath the receiver operating characteristic
(ROC) curve, which plots the false positive rate (FPR, 1-
Specificity) against true positive rate (TPR, sensitivity) on
the x and y-axes respectively, and is interpreted as a balance
between specificity and sensitivity [17].

Statistical Analysis

We delineated the characteristics of the two groups:
those with AKI and those without. The continuous vari-
ables were depicted as the mean = standard deviation, while
categorical data were denoted as a frequency (%). For non-
normally distributed continuous data, we reported the me-

dian value. ROC curves were used for the comparison of
prediction models. We used AUC and accuracy indices to
show the diagnostic accuracy. As described above, a seri-
ous of models, including XGBoost, LR, SVM, RF, ANN,
and LightGBM, were performed for prediction and com-
parison. All analyses in this study were carried out on the
Jupyter Notebooks platform, using open-source libraries
(scikit-learn, XGBoost) in Python 3.7 (the Python Software
Foundation (PSF), Wilmington, Delaware, United States).

Results

Characteristics of AKI Patients

This study used MIMIC III for data extraction and
model validation. Table | shows the characteristics of the
study patients. The original cohort contains 15,218 patients,
among which 4902 patients have developed AKI, account-
ing for about 32.21%. This analytic cohort’s mean age was
65.70 &+ 16.27 years, and 5757 (55.81%) were male. Com-
pared with patients without AKI, patients with AKI were
older (67.97 £ 14.97 versus 64.63 £ 16.74, p-value < 0.01)
and more male (59.30% versus 55.81%, p-value < 0.01)
(Table 1). Patients with AKI also had poor baseline kidney
function and poorer glasgow coma scale (GCS), and were
more likely to have diabetes.

Feature Selection

In this study, we utilized the recursive feature elimi-
nation with cross-validation (RFECV) technique to ascer-
tain our model’s optimal number of features. The RFECV
method allows for a visual representation of the score corre-
sponding to each feature subset, thus illustrating the pattern
of feature elimination. Our findings suggested that subsets
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Table 2. The performance comparison of the seven feature selection methods in extreme gradient boosting (XGboost) model test.

Categories Methods Features

8-features version  5-features version

Accuracy AUC Accuracy AUC
F-test frequency, BUN, Scr baseline, K, 0.780 0.826 0.767 0.811
Filter GCS, first_seq, TVU, PH
Pearson frequency, Scr baseline, BUN, K, 0.780 0.826 0.767 0.811
GCS, first_seq, TVU, PH
Chi-square test frequency, GCS, first seq, BUN, 0.770 0.820 0.764 0.808
Scr_baseline, K, Age, TVU
Wrapper  Recursive feature elimination frequency, Scr baseline, R, PO,  0.770 0.821 0.736 0.781
Age, TVU, K, PH
L1-based feature selection frequency, TVU, Scr_baseline, BUN, 0.781 0.835 0.769 0.814
Embedded K, PO2, GCS, PH
RandomForest-based feature selection frequency, Scr_baseline, TVU, PH,  0.773 0.824  0.757 0.808
Age, POz, R, BUN
Tree-based feature selection frequency, Scr_baseline, BUN, TVU, 0.780 0.826 0.769 0.814

K, GCS, PH, first_seq

The results show the mean values of the 5-fold cross-validation of each model. Features in the table are arranged according to the

feature importance obtained by each algorithm. The best performance at each row is shown in bold. AUC, area under curve.

with 8 and 5 features were optimal. Consequently, we se-
lected these feature subsets using various selection method-
ologies and subsequently determined the superior subset ac-
cording to the cross-validation outcomes from the XGBoost
models.

To appraise the efficacy of our feature selection algo-
rithms, we utilized two widely-used metrics, namely accu-
racy and AUC. According to the results delineated in Ta-
ble 2, the dataset constituted by the 8-feature subset slightly
surpassed the one formed by the 5-feature subset in per-
formance. The L1-based feature selection (least absolute
shrinkage and selection operator (Lasso)) algorithm, sig-
nificantly outshone the other six methods for both feature
subsets. Intriguingly, despite eliminating nearly half the
features, the model’s performance did not markedly decline
(accuracy: 0.786 versus 0.781; AUC: 0.844 versus 0.835).
This observation suggests that the Lasso method can effec-
tively streamline our model.

Model Development and Evaluation of Performance

Following feature selection, we fine-tuned the model
in accordance with the current dataset. To gauge its gen-
eralization capability, we compared the experimental out-
comes from the training data against those from the testing
data. In this work, we mainly compared the performance
of XGBoost with six other popular machine-learning tech-
niques. Fig. 3 shows that the XGBoost model performs
best in both data sets, and its generalization ability was bet-
ter than other models. Overall, after the parameter tuning,
the final AUC performance of XGBoost model indicators
achieved are as follows: 0.849 (8 features) and 0.830 (5 fea-
tures), higher than the result before parameter tuning (AUC
= 0.835). This result further demonstrates the remarkable

performance of the XGBoost model and suggests that it can
be used to model AKI risk detection.

Comparison with Publicly Prediction Performance
by a Systematic Review

We initiated a comprehensive literature review of
studies centered around AKI prediction, utilizing ‘MIMIC
II” and ‘AKI’ as search keywords. This review encom-
passed studies published in PubMed between the years 2018
and 2023. Following an exhaustive screening of titles, sub-
jects, abstracts, and full texts, we identified 79 studies for
inclusion. However, as the objective of our research is
to predict whether ICU patients will develop AKI, we ex-
cluded the following studies: those elucidating the correla-
tion between indicators and AKI outcomes (n = 42), those
forecasting AKI incidence and mortality risk in specific
populations (n = 18); studies concentrating on the impact
of medications on AKI (n = 7); and those predicting mor-
tality risk in patients already diagnosed with AKI (n = 5)
(see Appendix Fig. 4 for details). Consequently, we fo-
cused on the remaining 7 articles that predicted the risk of
AKI in critically ill adult patients, summarized in Table 3
(Ref. [18-24]). As depicted in Table 3, the research objec-
tives and prediction timelines of the first three articles align
perfectly with our study. The prediction timelines for the
following three articles were calculated based on the onset
time of AKI, whereas the final article predicted AKI from
the time of ICU admission.

Discussion

While literature is abundant on diverse prediction
tasks concerning AKI [25], many of these studies use pre-
cise predictors or employ relatively small sample sizes
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Table 3. Comparison with the state of the arts (for AKI prediction only) on the dataset MIMIC-III.

829

Studies Purpose Prediction time interval Features Sample size Algorithms AUC Year of publication
Zimmerman et al. [18] predict AKI in the first 24 h after admitted to ICU 32 23,950 Logistic Regression 0.78 2019
24-72 h of ICU admission
Lietal [19] predict AKI in the first 24 h after admitted to ICU 313 word features 16,560 Knowledge-guided CNN 0.779 2018
24-72 h of ICU admission
Sun et al. [20] predict AKI in the first 24 h after admitted to ICU 22 structured features 16,558 Mixed-feature CNN 0.83 2019
24-72 h of ICU admission and 313 word features
Wang et al. [21] predict the occurrence of 24, or 48 h prior to AKI 38 features and 3235 52,152 ETSM 0.95 (predicting 2020
AKI in next 24 and 48 h identification distinct drugs AKI before 48 h)
Le et al. [22] AKI prediction at a 48-hour 48h prior to AKI 7 structured features and 12,347 CNN 0.86 (predicting 2021
before onset identification clinical text data AKI before 48 h)
Gao et al. [23] predict the occurrence of 24, 48, or 72 h prior to AKI 110 and electronic 30,020 ensemble model 0.895 (predicting 2021
AKI in next 24, 48, and 72 h identification medical record data AKI before 72 h)
Qian et al. [24] predict AKI in the first 72 h After admission to ICU 17 17,205 LightGBM 0.905 2021
of ICU admission
Proposed predict AKI in the first 24 h after admitted to ICU 8 15,218 Gain-Lasso-XGBoost 0.849
24-72 h of ICU admission
Proposed* predict AKI in the first 24 h after admitted to ICU 5 15,218 Gain-Lasso-XGBoost 0.826

24-72 h of ICU admission

*The data set used for model building contains 5 feature variables. ICU, intensive care unit; CNN, convolutional neural networks; ETSM, ensemble time series model; LightGBM, light

gradient boosting machine; Gain-Lasso-XGBoost, generative adversarial imputation networks-least absolute shrinkage and selection operator-extreme gradient boosting.



https://www.discovmed.com/

1.0

0.8
3z
& 0.6
v
2
=
[
o
o
[}
I~
= o4

// ROC curve (SVM AUC = 0.830)
/' ROC curve (LR AUC = 0.814)
0.2 4 // —— ROC curve (ANN AUC = 0.816)
,/ = ROC curve (RF AUC = 0.842)
,/ —— ROC curve (GradientBoosting AUC = 0.844)
e —— ROC curve (LightGBM AUC = 0.845)
i ,’ ROC curve (XGBoost AUC = 0.849)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

629

Receiver-Operating-Characteristic Curves

1.01 —

0.8 -

o
o
=
Ay

True Positive Rate
N\
N
N
N\

o
'S
1
Y

ROC curve (SVM* AUC = 0.811)

’ ROC curve (LR* AUC = 0.805)

ROC curve (ANN* AUC = 0.806)

ROC curve (RF* AUC = 0.809)

ROC curve (GradientBoosting* AUC = 0.830)
ROC curve (LightGBM* AUC = 0.830)

e ROC curve (XGBoost* AUC = 0.830)

0.2/ 4

N

0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig. 3. Summarizes the area under curve (AUC) values for all models devised in this study, with the results determined using the

test set. *The dataset utilized for model construction incorporates 5 feature variables.

[6,26,27]. These approaches must capture the high hetero-
geneity of the ICU patient population. Moreover, several
models show only moderate performance when it comes
to AUC or require an extensive set of variables [28,29],
thus limiting their practical applications. For instance, Kate
et al. [2] collected more than 30 features, including vital
signs, lab results, comorbidities, medications, and so forth,
to build a continuous AKI prediction model, yielding an
AUC of 0.724. Contrastingly, our model outperformed pre-
vious studies [18-20] utilizing the MIMIC-III database and
the same time window and achieving superior AUC scores
(Gong et al. [30]: 0.781; Zimmerman et al. [18]: 0.783; Li
etal. [19]: 0.779, respectively). The proposed Gain-Lasso-
XGBoost framework in our study is more straightforward
with easier-to-obtain features and demonstrates better gen-
eralization capability. Impressively, it yielded highly stable
AUC results on two different datasets (comprising 8 and 5
features, respectively), underscoring its reliable predictive
capacity for AKI. These results surpass those of the base-
line model reported in the existing literature [18], affirming
the effectiveness of our approach.

AKI in critical illness has complex pathophysiology
that is difficult to represent, yet, artificial intelligence mod-
els can accurately represent it using routinely collected clin-
ical data. Peer-reviewed literature on this topic is expand-
ing rapidly, but most techniques are increasingly applied to
large-scale, high-dimensional, multimodal ICU data, such
as electronic medical records [31]. These studies present a
diverse array of evidence, some of the high quality with the
potential to enhance care and patient outcomes, while oth-
ers of variable quality can potentially mislead or perplex
investigators and clinicians. In our work, we have under-

scored the need for feature simplification within the frame-
work for improved practicality. During feature selection,
we also factored in the information about feature impor-
tance delivered by each feature subset, in conjunction with
verifying the generalizability of features chosen by the fea-
ture screening method. According to the features results in
Table 2, the baseline values of Scr (Scr_baseline), the num-
ber of Scr measurements within 24 hours of admission to
ICU (frequency), and total volume urine (TVU) were in-
cluded in all feature subsets, demonstrating that they play
a key role in determining AKI risk prediction, consistent
with the known pathophysiology of AKI [32]. In addition,
blood urea nitrogen (BUN), potassium (K), and the poten-
tial of hydrogen (PH) appeared six times in seven feature
subsets, also known as risk factors of AKI, and might repre-
sent patients with higher severity of illness. We aim for our
identified key variables to garner attention and guide clini-
cians toward quicker and more efficient prediction of AKI
risk in ICU patients. Furthermore, we hope our findings can
help refine the focus of clinical validation and testing proce-
dures. More importantly, all the variables mentioned above
can be easily accessed at [UC, which will significantly im-
prove the usefulness of our model.

The results of the system review also confirm that our
proposed Gain-Lasso-XGBoost framework is simple and
effective. Among all the models, we used the fewest fea-
tures yet still demonstrated the best performance in the same
type of study. While the other four studies had higher AUC
and longer prediction time windows, our model was more
suitable for ICU doctors to assess the patient’s condition
accurately and promptly take corresponding measures after
admission.
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Our study exhibits numerous strengths. Among them,
significant work has been invested in feature processing,
aiming to streamline the model and enhance its perfor-
mance. Building upon these efforts, we introduced the
Gain-Lasso-XGBoost framework. This framework not
only simplifies the model and enhances its interpretability,
more crucially, but significantly improves its applicability
in a clinical setting. Secondly, the database used in this
study is a publicly available and has large-scale ICU pop-
ulation size. Thirdly, the predictor variables we used can
be available in the clinic practice, and this ensures that the
values of these variables can be acquired in the clinical de-
cision. Despite its strengths, this retrospective study does
have some limitations. Firstly, the data used were sourced
from a single-center database, which implies that further ex-
ternal validation and prospective trials are necessary to con-
firm the generalizability and evaluate the clinical utility of
our findings. Secondly, due to the lack of pre-ICU admis-
sion serum creatinine data, in line with previous studies, we
used the lowest serum creatinine level recorded after ICU
admission as the baseline.

Conclusions

In light of the significant health implications and ad-
ditional resource demands associated with AKI, we’ve de-
vised a Gain-Lasso-XGBoost framework. This framework
aims to facilitate early detection of AKI in critically ill
adults by harnessing data from the initial 24 hours following
ICU admission. By aiding ICU clinicians in swiftly identi-
fying and addressing high-risk AKI patients, this approach
can play a vital role in enhancing patient prognosis, a key
goal in AKI management.
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Fig. 4. PRISMA flow diagram of the study selection.
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