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Abstract

Background

Acute Kidney Injury (AKI) is a major complication in patients admitted to Intensive Care Units
(ICU), causing both clinical and economic burden on the healthcare system. This study
develops a novel machine-learning (ML) model to predict, with several hours in advance, the
AKI episodes of stage 2 and 3 (according to KDIGO definition) acquired in ICU.

Methods

A total of 16’760 ICU adult patients from 145 different ICU centers and 3 different countries
(US, Netherland, Italy) are retrospectively enrolled for the study. Every hour the model con-
tinuously analyzes the routinely-collected clinical data to generate a new probability of
developing AKI stage 2 and 3, according to KDIGO definition, during the ICU stay.

Results

The predictive model obtains an auROC of 0.884 for AKI (stage 2/3 KDIGO) prediction,
when evaluated on the internal test set composed by 1’749 ICU stays from US and EU cen-
ters. When externally tested on a multi-centric US dataset of 6985 ICU stays and multi-cen-
tric Italian dataset of 1’025 ICU stays, the model achieves an auROC of 0.877 and of 0.911,
respectively. In all datasets, the time between model prediction and AKI (stage 2/3 KDIGO)
onset is at least of 14 hours after the first day of ICU hospitalization.

Conclusions

In this study, a novel ML model for continuous and early AKI (stage 2/3 KDIGO) prediction is
successfully developed, leveraging only routinely-available data. It continuously predicts
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AKI episodes during ICU stay, at least 14 hours in advance when the AKI episode happens
after the first 24 hours of ICU admission. Its performances are validated in an extensive,
multi-national and multi-centric cohort of ICU adult patients. This ML model overcomes the
main limitations of currently available predictive models. The benefits of its real-world imple-
mentation enable an early proactive clinical management and the prevention of AKI epi-
sodes in ICU patients. Furthermore, the software could be directly integrated with IT system
of the ICU.

Introduction

Acute Kidney Injury (AKI) is a sudden loss of the kidney function and represents a worldwide
concern due to the high in-hospital incidence, mortality, social costs and disability [1, 2]. The
early prediction of AKI could allow timely intervention in diagnosis and treatment, with the
aim to facilitate reversible forms of AKI [3]. The clinical approach adopted by physicians to
limit the AKI onset in Intensive Care Units (ICU) consists mainly in the prevention of the dis-
ease, by adopting measures able to guarantee appropriate volume control, kidney perfusion,
sepsis prevention and nephrotoxic drug tailoring. Several researches developed algorithms by
the use of big data analysis and Artificial Intelligence (AI) instruments, but until now the pre-
sented studies are heterogeneous and many of them are not externally validated or contain sev-
eral biases [4]. We have previously conducted a study on patients who developed AKI stage 2
and 3 within the ICU, according to KDIGO, and classified them on the basis of the sole urine
output [5]. That study analysed an international dataset by the use of Artificial Intelligence
with the Deep Learning method, with the aim to identify a predictive algorithm for oliguric
AKI. We observed that urine output trends can predict with accuracy the event at least with 12
hours in advance. An external validation of this study was also performed, and the validity and
generalization of the approach were confirmed [6]. Due to the fact that oliguric AKI represents
about 40-50% of the whole cases [7-9], in the present work we aim to extend the analysis to all
forms of AKI. In particular, given the predictive purpose of our model, we focus on hospital-
acquired-AKI Stage 2 and 3 of KDIGO classification, which is known from the literature to be
approximately 50% of the total AKI episodes registered within ICU hospitalization [10-12].
This retrospective study is based on four different databases obtained from single-center
hospitals, the MIMIC-III [13] and the AmsterdamUMC databases [14], and from multi-centre
databases, the eICU [15] and Margherita Tre [16] ones, with the aim to test the generalized
prediction capability of the model in different patient subpopulations and geographies.

Materials and methods
Data sources

The data used to generate a final database for the study originate from four different sources:

o MIMIC-III [13], a single-center database from patients admitted at the Beth Israel Deaconess
Medical Center in Boston (MA) from 2001 to 2012 (53’423 admissions, 38’597 distinct
patients);

« eICU collaborative research multicenter database [15], which contains data from more than
200 different United States ICUs, registered from 2014 to 2015 (200’859 admissions, 139’367
patients);
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o AmsterdamUMC database [14], which contains anonymized data of 20’109 European
patients admitted to the University hospital ICU of Amsterdam, in the Netherlands between
2003 and 2016, for a total of 23’106 admissions;

» Margherita Tre database, developed by the Group for the Evaluation of Interventions in
Intensive Care Medicine (GiViTI) [16, 17] and available for research purposes, which con-
tains data from 27 different Italian centers (60’430 ICU admissions, 55’702 patients)
acquired from 2001 to 2022.

Ethics approval and consent to participate

The study was conducted according to the Declaration of Helsinki.

The protocol of data collection for the Margherita Tre dataset was reviewed by the coordi-
nating ethics committee, Comitato Etico Indipendente di Area Vasta Emilia Centro
(CE-VAC), and by each local ethics committee of the hospitals adopting the MargheritaTre
software. The informed consent was collected in agreement with national regulations.

The remaining datasets were fully deidentified before access. Deidentified data constitute
nonhuman subject research, thus no institutional or ethical approvals were required for this
study. Participant informed consent was not required for these datasets.

MIMIC-III project was evaluated and approved by the Massachusetts Institute of Technol-
ogy (No. 0403000206) and the Institutional Review Board of the Beth Israel Deaconess Medical
Center (2001-P-001699/14). Individual patient consent was avoidable since all sensible data
and health information were deidentified, also, the project did not impact clinical care.

The eICU was not assessed by an institutional review board because of its retrospective
nature, absence of direct patient intervention, and the inability of patient re-identification in
compliance with the safety standards by Privacert (Cambridge, MA) (Health Insurance Porta-
bility and Accountability Act Certification no. 1031219-2).

The privacy audit on AmsterdamUMCdb has concluded that reidentification of patients
from this database is not reasonably likely, and it can therefore be considered as anonymous
information, in the context of the U.S. Health Insurance Portability and Accountability Act,
the European General Data Protection Regulation (GDPR) and Dutch national Laws. The eth-
ics audit has also concluded that responsible data sharing imposes minimal burden, whereas
the potential benefit is tremendous.

Inclusion and exclusion criteria

Male and Female patients older than 18 years of age and admitted to any intensive care units
have been considered for the study. Re-admissions to the ICU were also included. Patients
who had a stage 2 or 3 KDIGO AKI diagnosis at ICU admission, or initiated a renal replace-
ment treatment, within the first 12 hours of ICU stay were excluded. Missing values of relevant
clinical data for more than 4 consecutive hours as it is the case of urine output, heart rate and
mean arterial pressure (MAP), or missing laboratory measurements for more than 4 days indi-
cates exclusion criteria (Table 1).

Table 1. Exclusion criteria for the multi-centre retrospective study of patients admitted to ICUs.

Exclusion Criteria

» Age < 18 years
« sCr baseline < 0.5 mg/dL

« Patients with AKI (stage 2/3 KDIGO) diagnosis or in renal replacement treatment within the first 12 hours of ICU stay
« Patients with missing values for more than 4 consecutive hours of urine output and heart rate and MAP data more than
4 days of laboratory measurements data

https://doi.org/10.1371/journal.pone.0287398.t001
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Definition

AKT: defined on the basis of Acute Kidney Injury KDIGO guidelines (2012) [18].
Features: represent the variables used as input parameters in mathematical models.

Software specifications

Statistical analyses, extract-transform-load (ETL) process and data processing were performed
using Python (version 3.7.9; Python Software Foundation: http://www.python.org). The Ran-
dom Forest model was implemented with scikit-learn library in Python.

Imputation of missing values

Values of features out of the permitted range were removed before starting the imputation
phase [19].

Since parameter measurements were reported irregularly during patient ICU stay, the
reconstruction of time series with the same sampling frequency (equals to 1 hour) was
required for model development and validation.

Missing values were imputed with a forward-filling methodology using the last observed
value. For the laboratory measurements, data were imputed for a maximum of 4 days [19],
while hourly Urine Output, heart rate and mean arterial pressure values for a maximum of 4
hours.

The original average acquisition frequency of parameters in the different datasets is shown
in Supplementary Info A, S1 Table in S1 File. In brief, haematological and biochemical mea-
surements are generally collected every 12-24 hours, while urine output showed a sampling
frequency of approximately 1-1.5 hours in all datasets and heart rate sampling frequency var-
ies within 0.5-1 hours.

Urine Output values were normalized by the adjusted body weight of the patient, whose cal-
culation includes additional parameters like height, weight at the admissions, and gender [20].

Ideal Body weight (IBW) (m) = 50 + (0.91 x [h — 152.4])
Ideal Body weight (IBW) (f) = 45.5 + (0.91 x [h — 152.4])
(m = male, f = female, h = height in centimeters)
Adjusted body weight (adjBW) = IBW + 0.4 * (ABW — IBW)

(ABW = actual body weight at the ICU admission)

AKI criteria, as KDIGO classification, require the baseline value of Serum Creatinine
(bSCr). Various methods for determining the baseline value of Serum Creatinine (sCr) values
have been described and there is not a universally accepted single method. Due to the absence
of pre-ICU admission sCr measurements for most ICU patients, we used the nadir (minimum)
in-hospital value of bSCr.

Sample labelling and model training

We considered the task of predicting AKI episodes of stage 2 and 3 KDIGO developed during
an ICU stay as a classification problem. As classification labels, we assigned a “positive” label at
each patient who experienced an AKI event. The portion of stay considered in the analysis was
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truncated at the onset of AKI. Patients who did not develop AKI were labeled as “negative”.
Their ICU-stay were entirely considered for analysis.

The analysis was conducted by using a Random Forest classifier with the final objective of
predicting the onset of AKI (stage 2/3 KDIGO) acquired in ICU. An additional model was
used as a “baseline model” and described in Supplementary Info B: Logistic Regression model
in S1 File.

The risk probability of developing AKI (stage 2/3 KDIGO) in the following hours is
returned by the model. This output is represented as a score, it is updated every hour during
the ICU stay.

We used ICU admissions equal to 60% of the total MIMIC-IIT and AmsterdamUMC popu-
lation to train the models.

Feature selection

To develop our model for the early prediction of risk to develop AKI (stage 2/3 KDIGO), a set
of routinely collected hematological and biochemical measurements were extracted and pro-
cessed to derive input features. The goal of the feature selection process was to obtain a mini-
mum set of predictive and routinely-collected parameters to enable real-world integration of
the model in clinical practice. We started the analysis by considering a series of clinical, anam-
nestic, and demographic data, generally believed to have a role in AKI development. Subse-
quently, a feature selection was conducted based on the model’s feature importance to identify
a narrow set of more predictive parameters. The impurity-based feature importance, or Gini
importance [21], was computed as the reduction of the criterion brought by that feature.
According to their contribution in improving classification performance, all clinical parame-
ters were inserted one by one as input features, and the resulting area under Receiving Opera-
tor Curve (auROC) was used to detect the minimum set of clinical parameters useful to
enhance model’s performance.

Model evaluation

Model coefficients obtained from the training set were fixed and applied to patients in the test
sets as though they were observed prospectively. Specifically, for each patient in the test set, as
new data became available, the predictive score was recomputed every hour. This resulted in
hourly-updated risk score for AKI (stage 2/3 KDIGO) development for each patient.

As a primary evaluation metric, auROC was considered in predicting AKI (stage 2/3
KDIGO). The ROC curve and the auROC were obtained by varying the threshold that deter-
mined which patients were identified by the model as at risk for AKI. The patient was classified
as at high risk of developing AKI (stage 2/3 KDIGO) episode if the risk-score exceeded the
threshold. We computed the sensitivity of the model as the fraction of patients who developed
AKI that were correctly identified by the model. The specificity was computed as the fraction
of patients who never developed AKI and that were never identified at high risk by the model.

The performance values at the "knee point" of curves were chosen as the best performance
values for each dataset. At this working point, i.e. at a specific risk-score threshold, we calcu-
lated the sensitivity, specificity and log likelihood ratio.

The lead-time, i.e. the number of hours between the first time the risk-score goes above the
specific threshold and the AKI (stage 2/3 KDIGO) event, was also calculated for each patient.

Statistical analyses

Data were reported as median and interquartile range or as absolute number and percentage,
as appropriate. The accuracy of Random Forest Model for predicting the study outcome (i.e.
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AKI (stage 2/3 KDIGO) in the study populations was investigated by calculating the area
under the receiver operating characteristic curve (auROC) as well as by assessing sensitivity
and specificity. Positive and negative likelihood ratios (LR) were also calculated.

Results
Preparation of datasets

After applying the exclusion criteria and pre-processing steps, a total of 16’760 unique ICU
admissions belonging to 16’454 patients were analyzed from patients of different regions (US,
Europe) and multiple ICU centers (145). A total of 3’656 ICU admissions (from 3’592 unique
patients) were obtained from the MIMIC-III dataset, 5121 (from 5011 unique patients) from
the AmsterdamUMC dataset, 6’985 (from 6’835 unique patients) from the eICU dataset and
1’025 (from 1’016 unique patients) from the Margherita 3 dataset. The characteristics of popu-
lations are reported in Fig 1.

Datasets from different regions reported different distributions of ICU types. In the Nether-
land (Europe) patients are split in Medium or Intensive Care Units. In Italy, patients are
mainly admitted into a General ICU or Cardio-Surgical ICU, while in the US more specific
sub-types of ICU are present. In addition, a higher number of patients with chronic kidney
disease (CKD) and coronary artery disease (CAD) as chronic comorbidities was registered in
the US population than in the other ones. The comorbidities were identified through the use
of ICD-9 and ICD-10 codes in those databases where the information was present.

Training of the algorithm was executed on 5284 ICU admissions, representing the 60% of
MIMIC-IIT and AmsterdamUMC populations. The remaining patients of MIMIC-III and
AmsterdamUMC were allocated to the “calibration group” (1’744 ICU stays) to calibrate the
predictive model, and to the “internal test group” (1’749 ICU stays) to evaluate the predictive

AmsterdamUMC % elcy % MargheritaTre % MIMIC-IT %
n" ICU stays 5'121 6'983 1'025 3'656
Gender F 1'562 30.50 2797 40.04 355 38.54 1'313 35.91
M 3'559 69.50 4'188 59.96 630 61.46 2'343 64.09
Age median 65 [55.0, 75.0] 64 [52.0, 76.0] 68 [58-76] 66 [56.0, 77.0]
15839 587 11.46 781 11.18 46 4.45 204 5.58
40-43 485 5.47 652 5.33 68 6.64 317 8.67
50-58 825 16.11 1277 18.28 185 18.05 688 18.82
60-69 1'332 26.01 1'599 22.89 250 24.38 888 24.29
70-79 1354 26.44 1'426 20.42 332 32.39 872 23.85
80+ 538 10.51 1'250 17.9 144 14.05 687 18.79
Ethnicity White o = 6'017 86.14 = = 2837 776
Black = = 703 10.06 = = 211 577
None N N 265 3.79 N N 608 16.63
ICU type Cardiac-ICU N = 1131 16.19 431 42.05 1'180 32.28
Cardio-Surgical-iCu - - 279 3.99 104 10.15 1'672 45.73
General-ICU = = 4'459 63.84 484 47.22 823 22.51
Surgical-ICU = = 669 9.58 = = 535 14.63
Unspecified 5'121 100 447 6.4 6 0.59 1'092 29.87
Comorbidities CoPD N - 1'066 15.26 73 7.32 700 13.15
Cancer R = 529 7.57 124 12.10 408 11.16
Chronic kidney disease - - 246 3.52 38 3.71 367 10.04
Congestive Heart failure - - 1'098 15.72 254 24.78 1'073 29.35
Coronary artery disease - - 356 5.1 114 1112 1'788 48.91
Diabetes mellitus - - 1'823 26.1 180 17.56 1'051 28.75
Hypertension E = 3'788 54.23 582 56.78 2'366 64.72
Reason for Admission Cardiovascular 539 10.53 1'442 20.64 - - 1'030 28.17
Neurcological 195 3.81 487 6.97 - - 324 8.86
Other 327 6.39 1'406 20.13 178 17.36 1'050 28.72
Respiratory 561 10.95 989 14.16 = = 232 6.35
Sepsis 2'006 39.17 481 6.89 = - 73 2.00
Surgical 370 7.23 1423 20.37 819 79.90 871 23.82
Trauma 1123 21.93 757 10.84 28 2.73 76 2.08
AKI presentation modality uo-AKY 458 65.35 772 71.22 67 43.50 418 59.21
sCr-AKY 253 33.20 307 28.32 37 56.50 283 40.08
Uo-sCr-AKI 11 1.44 5 0.08 0 = 5 0.71

Fig 1. Main characteristics of the included population.
https://doi.org/10.1371/journal.pone.0287398.9001
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Initial ICU stays
AmsterdamUMC, MIMIC~ 1il, eiCU,

N°ICU centers: 237
N®ICU stays: 337’818

[ lusion Criteria
Total ICU stays * 16'996 (5%) <18y/o
AmsterdamUMC, MIMIC - lil, eiCU,
* 60’807 (18%) AKI (stage 2/3 KDIGO) or
dyalisis within the first 12h of ICU stay
N*ICU centers : 145 + 222'959(66%) Missing Data
N°®ICU stays : 16787
* 20°269 (6%)bSCr <0,5 mg/dL
Training Set: Calibration Set : Internal Test Set: External Test Set: External Test Set:
60 % AmsterdamUMC - 60 % MIMIC - Il 20% AmsterdamUMC - 20 % MIMIC- il 20% AmsterdamUMC - 20 % MIMIC- il elcy MargheritaTre
N° ICU centers : 2 N° ICU centers: 2 N* ICU centers : 2. N°®ICU centers: 129 N*ICU centers: 14
N° ICU stays : 5284 N*ICU stays: 1744 N*ICU stays: 1749 N°ICU stays: 6985 N*ICU stays: 1025
% AKI: 17,8 % AKI: 15,1 % AKI : 15,2 % AKI : 155 % AKI : 61

Fig 2. Data split into sets. N° ICU stays = Number of ICU stays associated with unique patients in each dataset.
https://doi.org/10.1371/journal.pone.0287398.9002

model performances. Patients were randomly allocated to training, calibration and internal
test groups.

The external validation of the model was executed on the two remaining independent mul-
ticenter databases, eIlCU and MargheritaTre, in order to prove the model performance and its
ability to generalize on different geographical populations. This consisted of a total of 8010
different ICU stays (Fig 2).

In the diverse patient cohorts, we identified an incidence of AKI (stage 2/3 KDIGO) varying
in the range from 6% up to 18%. Among all episodes, AKI determined by Urine-Output crite-
ria following KDIGO guidelines (Uo-AKI) was more frequent in almost all cohorts (> 55%)
with respect to AKI determined by sCr (sCr-AKI). An exception was observed for the Italian
dataset MargheritaTre, where only ~ 40% of AKI were Uo-AKI. In all cohorts the portion of
males is higher than females and within the range 60-70%, the median ages are between 64
and 68. Main patient’s characteristics are summarized in Fig 1.

Feature selection

To develop our predictive model for the early prediction of risk to develop AKI (Stage 2/3
KDIGO), we started the analysis by taking into account a series of clinical and demographic
data, generally believed to have a role in AKI development. Subsequently, a feature selection
was conducted based on the model’s feature importance to identify a narrow set of highly pre-
dictive parameters. The 60% (3’861 stays of which 18.7% AKI) of patients from MIMIC-III
and AmsterdamUMC datasets were included in this step. Features were inserted one by one
according to their Gini importance (Fig 3) as input features of the model and the auROC in
predicting AKI (Stage 2/3 KDIGO) was calculated. Predictive performances of the model
improved up to the inclusion of Urine Output, sCr and blood urea nitrogen, platelets, white
blood cells, heart rate, MAP (Table 2). Nevertheless, the MAP was not included in the final
model due to its low contribution to the predictive performances, as confirmed by an increase
in auROC << 1% and its low availability in all analyzed datasets. Actually, less than 40% ICU
patients reported MAP measurements.

Following the feature selection step, the final list of parameters included: the mean of 6
hours of hourly Urine Output normalized by Adjusted Body Weight of the patient
(UO_mean), sCr, Platelets, BUN, White Blood Cells count, Hemoglobin, Albumin and Heart
Rate. Patients used in the Feature Selection step were included in the final set used to train the
model and constituted about 44% of the training sets.
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Feature Importance ( Random Forest Model )

0.14

0.12

0.10

0.08

0.06 4

Mean decrease in impurity

0.04 4

0.02

0.00
UO_Mean sCr Platelets White BUN/sCr Albumin Hgb HeartRate MAP

blood cells

Fig 3. Feature importance for the Random Forest classifier. Each bar represents the contribution given from that
variable in the classification process (Gini importance [21]).

https://doi.org/10.1371/journal.pone.0287398.9003

Model calibration

To ensure the trustworthiness of the returned risk probability predictions, we evaluated the
calibration of the model when tested on patients from the Calibration set (belonging to MIMI-
C-III and AmsterdamUMC sets) by calculating the reliability plot. Model predictions were
grouped into 10 buckets, with the average model risk prediction plotted against the fraction of
positive labels in that bucket (Fig 4). We obtained a low Brier Score for the predictive model,
equal to 0.094, indicating a well-calibrated classifier [22].

Table 2. Results in terms of auROC obtained by adding new input parameters to the model.

Clinical Parameters auROC
[‘UO_Mean’] 0.7971
[‘UO_Mean’, ’sCr’] 0.7688
['UO_Mean’, sCr’, ‘platelets’] 0.7974
[‘'UO_Mean’, ’sCr’, ’platelets’, "white blood cells’] 0.8205
[‘'UO_Mean’, ’sCr’, ’platelets’, "white blood cells’, BUN/sCr’] 0.8336
[‘'UO_Mean’, ’sCr’, ’platelets’, "white blood cells’, BUN / sCr’,’albumin’] 0.8446
[‘'UO_Mean’, ’sCr’, ’platelets’, "white blood cells’, BUN / sCr’, ’albumin’, hemoglobin] 0.8476
['UO_Mean’, ’sCr’, platelets’, "'white blood cells’, BUN / sCr’, ’albumin’, hemoglobin, heart rate’] 0.8569
['UO_Mean’, ’sCr’, ’platelets’, "white blood cells’, BUN / sCr’, ’albumin’, hemoglobin, ’heart rate’,’MAP’] 0.8604

https://doi.org/10.1371/journal.pone.0287398.t002
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Fig 4. Calibration curve of the Random Forest model. Model predictions were grouped into 10 buckets. the average
model risk prediction is plotted against the fraction of positive labels in that bucket. The dashed black-line represents
the ideal calibration.

https://doi.org/10.1371/journal.pone.0287398.9004

Internal test

The Random Forest model obtained an auROC of 0.884 [0.864-0.905] for AKI 2/3 prediction
(Fig 5) when evaluated on the internal test set. At the sensitivity of 82%, the specificity was
equal to 80% with a positive likelihood ratio (+LR) of 4.10 and a negative one (-LR) of 0.24
(Table 3).

External test

On eICU population, the model achieved an auROC of 0.877 [0.868-0.888] (see Fig 6), with a
specificity of 83% at the sensitivity of 81.3%. The corresponding values of positive (+LR) and
negative (-LR) likelihood ratio were 4.44 and 0.23, respectively (Table 3).

The analysis on the Italian dataset Margherita Tre revealed that the model obtained an
auROC of 0.911 [0.882, 0.936] and sensitivity of 82.5% at 83.20% of specificity (Fig 7). +LR
and -LR were of 4.91 and 0.20, respectively (Table 3).

To compare the performances of our model with a simple baseline model, we conducted a
further test by using the Logistic Regression model with the same input features and trained

PLOS ONE | https://doi.org/10.1371/journal.pone.0287398  July 25, 2023 9/22


https://doi.org/10.1371/journal.pone.0287398.g004
https://doi.org/10.1371/journal.pone.0287398

PLOS ONE

A machine-learning model to predict the occurrence of moderate and severe AKI in patients of intensive care

True Positive Rate

ROC curve: Internal Test set

1.0 4

0.8 1

0.6 A

0.4 4

0.2 1

0.0

—— auc = 0.884

0.0

0.2

0.4 0.6
False Positive Rate

0.8

1.0

Fig 5. ROC curves of Random Forest model on internal test dataset. AUC = Area Under ROC Curve on prediction
of diuresis and creatinine based AKI (stage 2/3 KDIGO).

https://doi.org/10.1371/journal.pone.0287398.g005

on the same training dataset: this resulted in lower predictive performances in terms of auR-
OCs over all the test datasets (see Supplementary Info B, S2 Table in S1 File).

Lead-time

The internal test showed a median lead-time of 9 h. We calculated the median lead-time when
the AKI event occurred from 12" to 24™ hours from ICU admission and after the first day of

Table 3. Results of the Random Forest model.

Model Dataset Stays | % of AKI auROC [igr] Sensitivity | Specificity | Median lead time (h) (AKI after the first 24h of ICU | LR+ | LR-
stay)
Random Internal Test | 1’749 15.2 0.884 [0.864- 82.0% 80.0% 15.5 4.10 | 0.24
Forest 0.905]
Random eICU 6’985 15.5 0.877 [0.868- 83.0% 81.3% 14.0 4.44 | 0.23
Forest 0.888]
Random Margherita 1°025 6.1 0.911 [0.882.0.936] 82.5% 83.2% 23.0 491 |0.20
Forest Tre
auROC = area under receiving operator curve; LR + = likelihood positive ratio; LR- = likelihood negative ratio.
https://doi.org/10.1371/journal.pone.0287398.t003
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Fig 6. ROC curves of Random Forest model on eICU dataset. AUC = Area Under ROC Curve on prediction of
diuresis and creatinine based AKI (stage 2/3 KDIGO).

https://doi.org/10.1371/journal.pone.0287398.9006

the ICU stay. The corresponding median lead-time were of 6 hours and 15.5 hours,
respectively.

On the eICU external test, the resulting median lead-time for AKI episodes occurred in the
first day of ICU stay was 8 hours, and 14 hours after the 24™ hour of ICU stay.

The obtained lead-time on MargheritaTre external test was 16 hours. Here, the same trend
already observed for internal tests and on the eICU datasets was confirmed: the median lead-
time within the first 24 hours was lower (8.5 h) than the lead time after the 1** day of ICU hos-
pitalization (23 h, see Table 4). This trend clearly shows how the developed model is able to
dynamically improve itself by anticipating the prediction of the AKI event as soon as more
data are available.

An example of how our predictive model works as well as the associated lead-time is
reported in Fig 8. A portion of a real ICU admission is presented. At every hour of ICU admis-
sion, the model provides a risk score in a percentage range from 0 to 100 related to the
increased risk of developing AKI (stage 2/3 KDIGO) in the following hours. The model risk
score exceeds the threshold at the 70™ h, which represents the moment when an alarm is fired
by our model. Since the AKI 2 event occurs at the 86 h of the ICU stay, the lead-time of the
predictive model for this patient is 16 hours.
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Fig 7. ROC curves of Random Forest model on MargheritaTre dataset. AUC = Area Under ROC Curve on
prediction of diuresis and creatinine based AKI (stage 2/3 KDIGO).

https://doi.org/10.1371/journal.pone.0287398.g007

Model performances in different ICU subpopulations

To evaluate the potential differences in predictive performances of our model when tested in
diverse patient sub-populations, we measured the Average Odds Difference (AOD) metric in
different patient cohorts. We considered free from bias a test result in accordance with accept-
able values in the range: [-0.1, 0.1] [23]. All the analyses were both conducted on internal and
external test sets with fixed threshold enabling a recall of 80%. We evaluated the AOD of
patients’” cohorts possessing different attributes such as age and chronicity of illness, where
present.

Table 4. Median lead time for AKI events occurred before and after24 hours from ICU admission.

Data N°IDS | % AKI| % AKI within | Median lead time (h) (AKI within the first 24h of ICU | Median lead time (h) (AKI after the first 24h of ICU
24h stay) stay)

Internal 1’749 | 15.2 31.5 6.0 15.5

External 6’985 15.5 34.8 7.0 14.0

(eICU)

External (M3) 1°025 6.1 24.0 8.5 23.0

https://doi.org/10.1371/journal.pone.0287398.1004
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Fig 8. 50 hours of ICU admission for a male patient aged 58 admitted for a pleural effusion in a medical ICU. (a)
Urine output, serum creatinine and hourly risk score given by our predictive algorithm during the patient's stay. Serum
creatinine increase determines the onset of AKI at h = 86" (red vertical line). The alarm triggered by the model (green
vertical line) is 16 hours before the event. (b) Laboratory variables trend.

https://doi.org/10.1371/journal.pone.0287398.9008

Among all the parsed attributes, the model did not show any bias on Internal test and eICU
datasets (Figs 9 and 10), while a very low bias was detected in the Margherita Tre patients. In
particular, low biases were detected in the Chronic Kidney Disease, in COPD, and in 80+ age
patient groups (Fig 11). Additional analysis can be found in Supplementary Info C, S3 Table in
S1 File.

= Age Groups
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Fig 9. Bias Detection on internal test set. Fairness range [-0.1,0.1]. Bias are detected when bars exceede the green
area.

https://doi.org/10.1371/journal.pone.0287398.g009
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https://doi.org/10.1371/journal.pone.0287398.9010

Use of diuretics

To evaluate the impact of the use of diuretics during the ICU stay on the predictive perfor-
mances of the model, we investigated the model behaviour on subgroups of patients that either
received diuretics or not (Method described in Supplementary Info D in S1 File). The use of
diuretics did not significantly impact the predictive performances of the model in both data-
sets. The observed impact can be attributed to the impact of the diuretic on the urine output
parameter (Supplementary Info D, S1 and S2 Figs in S1 File).

Model robustness to different bSCr estimation methodologies and to time-
periods

As described in the Methods section, due to the absence of pre-ICU admission sCr measure-
ments for most ICU patients, we used the nadir (minimum) in-hospital value of sCr as bSCr
for the main analysis. To test the robustness of the developed predictive model to different
methodologies of b-sCr estimation, we performed a sensibility study to evaluate predictive per-
formances while varying the estimation methodology in the test datasets. An auROC higher
than 0,88 was obtained in all datasets for all bSCr methodologies, confirming the robustness of
the model when using different bSCr estimation (Method and Results described in Supple-
mentary Info E, S4 Table in S1 File).

Moreover, to ensure that possible differences in patients’ phenotypes or in clinical practice
over different time-periods did not impact negatively on the model predictive performances,
an additional analysis was conducted by testing the model on samples of patients admitted in
different years groups, ranging from 2003 up to 2022. Low changes in model performances
(difference in auROC ~ 2%) was observed both for US data and the Netherlands data confirm-
ing the model’s reliability over time (Supplementary Info F, S5 Table in S1 File).

Discussion

The changes of Acute Kidney Injury epidemiology highlight the necessity of awareness and
care strategy modifications, as underlined by the International Society of Nephrology with the
0by25 initiative for AKI:"zero preventable deaths by 2025 [24]. Actually, a continuous increase
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Fig 11. Bias detection on margherita Tre dataset. Fairness range [-0.1,0.1]. Bias are detected when bars exceede the
green area.

https://doi.org/10.1371/journal.pone.0287398.g011
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of AKI incidence has been reported over the years [25-27]. Moreover, during the last two
years, COVID-19 doubled the incidence of AKI in patients admitted to hospitals compared to
non-COVID-19 ones [28]. Several studies report an incidence of AKI in COVID -19 hospital
patients ranging from 30 to 50%, with a peak in Intensive Care Unit of about 70% [29-31].

In this context, the ability to predict the development of AKI in hospitalized patients could
be an opportunity to adopt any strategy useful to avoid the event. The conceptual basis is
reported in Oby25 initiative for AKI and it can be resumed in two points: the first, “AKI is
potentially preventable and treatable with timely intervention”; the second is the possibility to
act on “modifiable main risk factors” [24].

The present study represents the development of a prediction model for AKI stage 2 and 3
KDIGO in patients admitted to any ICU. The model is based on urine output, biochemical
and haematologic data collected during ICU stay; it can predict AKI episodes occurring after
the first 12 hours from admittance, requiring at least 6 hours of available data. We have ana-
lysed the predictive accuracy of mathematical models observing better performances with Ran-
dom Forest instead of Logistic Regression models. The elevated accuracy of the algorithm,
with a resulting auROC above 0.87 on all datasets, all patient subpopulations and ICU types,
confirmed the general validity of AKI prediction model obtained with the Random Forest
analysis. Moreover, after the first day in ICU, our model was able to trigger an alarm from 14
to 23 hours before the AKI event, remarkably improving its prediction performances with
respect to the beginning of ICU admission.

Artificial Intelligence has been used in several applications of healthcare, as the prediction
of an event like AKI. This emerging investigation field, not explored until the last 5-6 years,
remains limited to few researchers: “artificial intelligence” AND “AKI” studies appear in
PUBMED—year 2019 —just 6 times, while in year 2021 appear 33 times. Recently, the predic-
tion was a “static” information derived from the analysis of data collected at the moment of
Hospital or ICU admission, but now the analysis of “dynamic” data begins to be reported [32].

Other tests can be used to predict the development of AKI in intensive care unit. Clinical
studies with biomarkers, such as TIMP-2 x IGFB 7, NGAL, or KIM-1, support their use in pre-
vention and management of AKI, although the accuracy to predict AKI could change with the
setting of patients, and substantial gaps in knowledge remain [33]. Concerning the accuracy to
predict AKI, Pan and co-authors [33] analysed 110 studies which included 38725 patients:
21.5% of them developed AKI. The timing of biomarkers determination varied significantly
between the study ranging from few hours from surgical intervention or ICU admittance to
three days. NGAL/creatinine HSROC was 91.4%, KIM-1 = 84.4%, TIMP-2 x IGFB 7 cutoff
0.3 =75.2%, and cutoff 2 = 78.8 [33]. The conclusion of the study is that biomarkers can permit
an early identification of AKI before SCr changes, that is when the damage may be reversible.
A limit of biomarkers can be linked to the heterogeneous sensitivity and specificity in different
setting and patients, being not completely specific for acute kidney injury. Some of them can
be elevated in the presence of sepsis or CKD [34], and it is necessary to investigate whether dif-
ferent etiologies of AKI affect the predictive accuracy of biomarkers [33].

The determination of some Biomarkers can be altered from the presence of proteinuria or
albuminuria which can interfere with the detection [35].

A difference between the use of biomarkers and our study is essentially based on timing of
AKI prediction. Our model predicts continuously the AKI development during the entire per-
manence in the intensive care area. Another important aspect is the feasibility of the proposed
tool, which application does not require specialized laboratories or elevated costs. Through the
use of Al techniques, our predictive model is able to exceed this limitation and provide a real-
time prediction updated every hour, lifting physician from the responsibility of timely execut-
ing a diagnostic test. Another important advantage of our AI model is its automatic nature.
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For model operation, no additional work is required by the clinicians or nurses: the model
uses only routinely collected data. The model described in this study have the potential of run-
ning in background and trigger an alarm when AKI-related trends are identified.

Thomasev and co-authors [19] approached AKI prediction with a continuous model based
on sliding 6 hours interval record with a lead-time of event prediction corresponding to 48
hours. That model predicts 90.2% of AKI requiring dialysis with a lead-time up to 48 hrs and a
ratio of two false alerts for every true alert. A limitation of the study was the low sensitivity,
equal to 55.8%, meaning that half of the AKI episodes are missed, and the complexity of the
model, a deep learning process which used more than 300 features. Two other aspects must be
considered when analysing Al and AKI prediction: the first is the external validation, not fre-
quently performed, and the second is the prospective analysis. Liang and co-authors [36] ana-
lysed data from MIMIC-III and the database of General Intensive Care Unit of Zhejiang
University School of Medicine, the SHZJU-ICU. The Internal validation had an AUC of 0.86,
confirmed with the AmsterdamUMC external validation. The main variables which demon-
strated to be the most important parameters were sCr levels, urine output, blood urea nitrogen
level, temperature and length of stay in ICU. The internal validation demonstrated a sensitivity
from 83 to 84% and a specificity from 75 to 79%, not significantly different when external vali-
dation was considered. The time to event prediction was 48 hours. The prospective validation
study on a limited number of AKI revealed a similar auROC, with a sensitivity of 72% and
specificity of 80%.

Our predictive model overcomes several limitations that hindered the available predictive
models to enter the routine clinical practice: first of all, the predictive performances. Indeed,
auROC in both internal and external validations appear to be higher than previously published
predictive models for AKI stage 2 and 3. Second, our model employs only a small number of
routinely-collected predictive parameters. This is crucial to enable the implementation of the
model in a real-world scenario. Moreover, the clinical variables which have a predictive role
are also partially different than published literature, confirming the importance of creatinine
and urine output, but also adding platelets, Blood Urea Nitrogen/sCr ratio, White Blood Cell,
Haemoglobin, Albumin, Heart Rate. These results confirm the role of standard laboratory
determination as blood count [31, 37-40] or albumin [41, 42] in the prediction of AKI.
Although many clinical variables have been investigated in this study, evidence in the literature
demonstrates that variables such as MAP may have a role in the early detection of reduced
renal function. Therefore, the inclusion of this parameter in the model will be tested in forth-
coming prospective validations [43].

Third, the predictive model was robust over different types of Intensive Care Units, either
medical or post cardiac-surgery ICUs. Fourth, use of diuretics, that could introduce a bias in
the performance of the predictive model, did not significantly reduced the performances: a
post-hoc analysis revealed that AUC did not differ significantly between patients under
diuretic treatment (auROC = 0.855) or not (auROC = 0.9). Fifth, our predictive model did not
show any bias in different patient populations under analysis and it was well calibrated, as
demonstrated by Brier score < 0.1. Eventually, our predictive model was also able to predict
both AKI defined with Urine Output-based criteria and Creatinine-based criteria, differently
from most published models that focused only on one of the two diagnostic criteria and AKI
phenotypes [19, 44]. This is important because previous studies have shown that Creatinine-
based AKI represent only a fraction of the total AKI episodes acquired in ICU [45].

In summary, if investigators need to demonstrate that prediction tools may have the poten-
tial to be applied in a real-world setting [46], our study is able to confirm it: the Random Forest
model for AKI 2/3 prediction was externally validated and optimally calibrated, resulting
applicable to different sets of critically ill patients.
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The proactive identification of AKI obtained with this analytical model can allow e-alerts,
which in essence can be thought as a clinical decision support system (CDSS) to help and
improve health and healthcare decisions. We have observed a lead-time from e-alarm to clini-
cal event that ranges from 8 to 15 hours. The question is linked to the time required for
changes or implementation of diagnostic and therapeutic approaches able to preserve kidney
from an impairment, and to the efficiency of such approach in terms of reversible-event reduc-
tion, in hospital stay decrease and mortality reduction.

The time-to-event 8 hours could be sufficient for adopting clinical strategies able to
decrease AKI 2/3 KDIGO development, as could be in the case of reversible injuries.

E-alarms are expected to give on time information to medical staff to aid patient care, permitting
early clinical investigations and preventive specific treatments. A review performed in 2017 from
Lachance et al [47] failed to demonstrate the clinical utility of e-alarm, and similarly did Wilson
[48], but the characteristic of these alarms were deeply different from those we can obtain with AI
process. Previous studies were based on contemporary e-alarm production to AKI event, deter-
mined mainly on the base of sCr changes. Combining e-alarm to an AKI care bundle, a decrease of
mortality and hospitalization days were already reported [49, 50]. We believe that the utility of an e-
alarm driven from Artificial Intelligence methods could help clinicians, but we need to test properly
this hypothesis. A suggestion about the utility of an integrated approach to early prediction of an
event was recently published by the group of Iannello and co-authors [51]. The authors demon-
strated an improvement in adjusted mortality of patients admitted to an emergency department
with the use of an early warning sepsis system, capturing clinical and haematological parameters,
and generating an automated decision support, integrated in the electronic health record system.

Study limitations

Several limitations are present in our study, which derive from the nature of data sources and
big data analysis. The first is the retrospective nature of the analysis, meaning that we necessi-
tate to perform a prospective study to further validate model performances as performed by
Liang [36]. Moreover, a prospective interventional study evaluating whether and how the
availability of our AKI risk prediction score can affect clinical outcome is needed. The second
limitation deals with the imputation of missing data, that may have introduced errors. To
guarantee our model working properly, data need to be provided with an hourly frequency.
With this scope, as previously mentioned, a forward filling methodology was used to impute
missing data, as performed by several investigators [52-54].

To evaluate the size of data imputations, we conducted an analysis on the median acquisition
rate of clinical parameters among the population eligible for the study. Those results (shown in
Supplementary Info A, S1 Table in S1 File) are strictly correlated to the rate of missing values
imputed. The 75™ percentile of each clinical values from laboratory tests appears approximately
equal to one day, except for the albumin in MIMIC-III dataset, where measurements are the rar-
est. This underlines that our target population includes well-monitored patients. Despite we
accepted missing values for a maximum period of 4 days, 75% of the laboratory data are in the
majority of cases available with higher frequencies, introducing low classification bias. The third
limitation is the estimation of a bSCr value. Various methods for determining the reference bSCr
values were already described in the literature and there is no current standard methodology. The
use of a nadir (minimum) in-hospital value, when a pre-hospital baseline is not available, was
described by several authors [55, 56]. In our analysis, we used a nadir in-hospital value (rather
than median or mean). Siew et al [55] found that the use of a nadir in-hospital sCr value led
81.7% of sensitivity and a specificity of 79.8% for the diagnosis of AKI, when compared with actual
pre-hospital admission baseline values. However, few misclassifications were found approximately
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equals to 2.8% for AKI stage 2 or 3 KDIGO (the primary endpoint) and about 1.5% for the nega-
tive endpoint; a similar result was also reported by Zavada et al [57]. Furthermore, Siew et al [55]
did not use Urine Output criteria in their AKI stage calculation, and the incorporation of Urine
Output criteria, as we did in our study, will tend to mitigate inaccuracies associated with the sCr
reference value [57]. To evaluate its robustness, our supplementary analysis showed that the devel-
oped predictive model is robust to the different bSCr estimation methodologies.

The fourth limitation of our study could be the exclusion of patients with a bSCr below 0.5
mg/dL. Several considerations should be taken into account: it is known that SCr is related
also to muscle-mass and ICU stay can be responsible of acute modifications as denutrition,
reduction of muscle-mass, increased catabolism, sepsis, volume overload or de-hydratation
[58]. Fluid overload can influence serum creatinine values, and the adjustment with fluid man-
agement could identify unrecognised AKI [59]. Intensive care patients may have a decreased
production of creatinine as the consequence of muscle-mass reduction worsened by subclini-
cal hepatic injury. Sepsis reduces energy production and metabolic rate, resulting in a possible
decrease in muscle production of creatinine [60]. Variability can be due to false elevation of
serum creatinine as interference with hyperglycemia, delayed centrifugation, hemolysis, high
total proteins when used Jaffe assay. Another factor linked to acute effect on creatinine is the
use of some drugs, as trimethoprim and cimetidine [58].

To reduce the possible bias, we arbitrarily adopted as exclusion criteria a cutoff for basal
SCr at ICU admittance inferior to 0.5 mg/dL, and we have analysed only AKI stage 2 and 3
due to its larger increase in comparison to AKI stage 1.

Conclusion

This study, based on a retrospective analysis of big data from ICU patients, demonstrates that
Artificial Intelligence, in particular the use of a Random Forest model, could help clinicians in
predicting the risk of AKI development. Our study gives additional information to those present
in the literature, in terms of a general prediction tool over a wide range of ICU patients, and
regarding the precision of prediction, as confirmed by excellent calibration and external multi-
centric validation. In particular, our model dynamically improves its performances after the
first 24 hours of ICU admission, increasing the predictive lead-time. As the critically conditions
of the patient get less unstable and the availability of data becomes higher, our model have the
potential to boost its lead-time while guaranteeing the same accuracy. This can be translated
into an increased time-window for clinicians to act and potentially prevent AKI. In summary,
our study shows that our model could predict, with many hours in advance, patients at high
risk of developing AKI (AKI 2/3 KDIGO). Our model uses only measurements routinely col-
lected in the EHR. Due to the limitations of retrospective analysis, that is the heterogeneity or
incompleteness of available data and the risk of possible biases, it is necessary to confirm our
observations through a well-designed prospective study. However, the characteristics of the
model and the high performance we have demonstrated using a large and heterogeneous cohort
(multi-centric and multi-national) of ICU patients, overcoming available predictive models,
indicates that the model implementation in the real-world has the potential to enable proactive
management and prevention of AKI episodes in ICU patients. A prospective clinical trial to val-
idate the performances of the model in real-world scenarios is currently under development.
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