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Abstract

Background Major Adverse Kidney Events within 30 days (MAKE30) is an important patient-centered outcome for assess-
ing the impact of acute kidney injury (AKI). Existing prediction models for MAKE3O0 are static and overlook dynamic
changes in clinical status. We introduce ORAKLE, a novel deep-learning model that utilizes evolving time-series data

to predict MAKE30, enabling personalized, patient-centered approaches to AKI management and outcome improvement.

Methods We conducted a retrospective study using three publicly available critical care databases: MIMIC-IV

as the development cohort, and SiCdb and elCU-CRD as external validation cohorts. Patients with sepsis-3 criteria
who developed AKI within 48 h of intensive care unit admission were identified. Our primary outcome was MAKE30,
defined as a composite of death, new dialysis or persistent kidney dysfunction within 30 days of ICU admission.

We developed ORAKLE using Dynamic DeepHit framework for time-series survival analysis and its performance
against Cox and XGBoost models. We further assessed model calibration using Brier score.

Results We analyzed 16,671 patients from MIMIC-IV, 2665 from SICdb, and 11,447 from elCU-CRD. ORAKLE outper-
formed the XGBoost and Cox models in predicting MAKE30, achieving AUROCs of 0.84 (95% Cl: 0.83-0.86) vs. 0.81 (95%
Cl:0.79-0.83) vs. 0.80 (95% Cl: 0.78-0.82) in MIMIC-IV internal test set, 0.83 (95% Cl: 0.81-0.85) vs. 0.80 (95% Cl: 0.78-0.83)
vs.0.79 (95% CI: 0.77-0.81) in SICdb, and 0.85 (95% Cl: 0.84-0.85) vs. 0.83 (95% Cl: 0.83-0.84) vs. 0.81 (95% Cl: 0.80-0.82)
in elCU-CRD. The AUPRC values for ORAKLE were also significantly better than that of XGBoost and Cox models. The
Brier score for ORAKLE was 0.21 across the internal test set, SICdb, and elCU-CRD, suggesting good calibration.

Conclusions ORAKLE is a robust deep-learning model for predicting MAKE30 in critically ill patients with AKI that uti-
lizes evolving time series data. By incorporating dynamically changing time series features, the model captures

the evolving nature of kidney injury, treatment effects, and patient trajectories more accurately. This innovation facili-
tates tailored risk assessments and identifies varying treatment responses, laying the groundwork for more personal-
ized and effective management approaches.
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Introduction

Acute kidney injury (AKI) is common among critically ill
patients with sepsis. It is associated with high mortality,
long-term kidney dysfunction, and a substantial burden
on the healthcare system [1-3]. To address the challenges
in AKI research and direct the focus towards patient-cen-
tered outcomes, the National Institute of Diabetes and
Digestive and Kidney Diseases workgroup on Clinical
Trials in Acute Kidney Injury recommended a composite
outcome measure in 2012 [4]. This measure, encompass-
ing death, dialysis initiation, or a sustained increase in
serum creatinine, is widely recognized as Major Adverse
Kidney Events (MAKE). The MAKE metric provides a
valuable benchmark for assessing the impact of AKI on
patients.

Despite considerable progress in understanding the
pathophysiology of AKI, clinical trials for its manage-
ment have largely failed to demonstrate efficacy. Advanc-
ing both novel and existing treatment strategies requires
the ability to accurately identify patients at high risk for
meaningful endpoints, such as MAKE. Current manage-
ment approaches rely on optimizing fluid status, avoid-
ing nephrotoxins, controlling underlying etiologies (e.g.,
sepsis), and maintaining hemodynamic stability. Our
prior work has demonstrated that these approaches can
be personalized to better address patient-specific needs
by leveraging advanced data-driven methods to refine
clinical decision-making [5]. By accurately predicting
outcomes like MAKE, we can not only guide personaliza-
tion of care but also create enriched cohorts for clinical
trials, improving the evaluation of both new and existing
interventions.

However, current predictive models for MAKE rely on
static, predefined time points [6, 7], limiting their utility
in dynamic and complex clinical environments. These
models fail to capture the fluctuating nature of kidney
function [8] and critical illness, where patient condi-
tions can evolve rapidly. This study seeks to bridge this
gap by introducing ORAKLE (Optimal Risk prediction
for mAke30 in patients with acute Kidney injury using
deep LEarning), a novel deep learning model to predict
the development of MAKE within 30 days (MAKE30).
ORAKLE leverages time-series data and event-time
modeling to capture the temporal dynamics of patient
characteristics and provide robust, individualized risk
predictions. By incorporating these advanced tech-
niques, ORAKLE has the potential to revolutionize AKI
outcome prediction, enabling dynamic, patient-centered
approaches to clinical management and improving out-
comes in this high-risk population.
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Materials and methods

Study design and data sources

We conducted a retrospective observational study utiliz-
ing three publicly available critical care databases—Med-
ical Information Mart for Intensive Care (MIMIC-IV)
version 3.1, Salzburg Intensive Care Database (SICdb),
and eICU Collaborative Research Database (eICU-CRD)
version 1.0.8. The MIMIC-IV [9] database comprises
electronic health records of critically ill patients admit-
ted to the intensive care units (ICUs) at Beth Israel Dea-
coness Medical Center (BIDMC) in Boston, MA, USA,
between 2008 and 2022. The SICdb [10] includes ICU
patient records from University Hospital Salzburg, Aus-
tria, spanning 2013 to 2021. The eICU-CRD [11] encom-
passes de-identified electronic health records of patients
admitted to 208 ICUs across the United States during
2014—2015. The dataset provides insights into ICU prac-
tices and outcomes across diverse healthcare settings. All
datasets were harmonized to the MIMIC-IV framework
by mapping corresponding variables and standardizing
definitions, and measurement units. Discrepancies were
resolved through conversion to MIMIC-IV standards,
ensuring clinical consistency across datasets.

We divided the MIMIC-1V dataset into two subsets—
training set (80%) and internal test set (20%). We uti-
lized SICdb and eICU-CRD databases for independent
external validation to evaluate the generalizability of the
model.

Study population

We included all adult (age>18 vyears), critically ill
patients with sepsis, who developed AKI within the first
48 h of ICU admission. We defined sepsis based on the
Third International Consensus Definitions for Sepsis
and Septic Shock (Sepsis-3) [12], and AKI based on the
Kidney Disease Improving Global Outcomes (KDIGO)
[13] guidelines. We identified patients with sepsis based
on a combination of suspected infection, and increase in
Sequential Organ Failure Assessment (SOFA) [14] score
by>2 within a 24-h period [8]. Consistent with prior
studies [12, 15], we assumed a SOFA score of zero prior
to ICU admission. We defined suspicion of infection by
concurrent administration of intravenous antibiotics and
collection of blood cultures. Specifically, blood cultures
must have been collected within 24 h after intravenous
antibiotics were initiated, or intravenous antibiotics must
have been administered within 72 h after the collection
of blood cultures [16]. We determined sepsis as the ear-
lier of the suspicion of infection time or SOFA time, pro-
vided that the SOFA time occurred no more than 24 h
before or 12 h after the suspicion of infection [17]. As
SICdb and eICU-CRD databases provide limited data on
fluid samplings, we relied on the occurrence of antibiotic
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administrations to define suspicion of infectio, a method
previously validated in literature [18].

As per KDIGO guidelines, we defined AKI as an
increase in serum creatinine of 0.3 mg/dL or more within
48 h, or a rise of at least 1.5 times the baseline serum cre-
atinine within 7 days [13]. To estimate baseline serum
creatinine, we first determined the median serum cre-
atinine value measured during the 12 months preceding
hospital admission [8, 19]. For patients without measure-
ments during this period, we estimated serum creatinine
using the Modification of Diet in Renal Disease formula
by assuming an estimated glomerular filtration rate of
75 mL/min per 1.73 m? [13]. Consistent with earlier
research, the baseline serum creatinine was defined as
the lower of either the measured or back-calculated value
and the first serum creatinine obtained upon admission
[8, 19]. We excluded patients with a history of end-stage
kidney disease or prior kidney transplantation.

Outcomes

The primary outcome of interest was major adverse kid-
ney events by 30 days (MAKE30) [20, 21], a composite
measure defined by (1) death, (2) initiation of new dialy-
sis, or (3) final inpatient serum creatinine >200% of the
baseline serum creatinine censored at the earlier of hos-
pital discharge or 30 days after ICU admission.

Features

We extracted a comprehensive set of predictor vari-
ables from the electronic health records, spanning
multiple domains of patient information (Table 1 and
Supplementary Table S1). These included demographic

Table 1 Baseline characteristics of patients
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characteristics (e.g., age, sex, race/ethnicity), vital signs
(e.g., heart rate, respiratory rate), laboratory test results
(e.g., serum creatinine, blood urea nitrogen [BUN]),
severity scores (e.g., AKI stage, Sequential Organ Fail-
ure Assessment [SOFA] [14] score), and treatment
variables (e.g., mechanical ventilation, vasopressor
administration).

Only features present in more than 70% of the cohorts
were included. Clinical features were summed or aver-
aged within each 8-h time interval as appropriate. Predic-
tors were constructed for time windows extending from
AKI onset (baseline) up to 7 days post-onset. Physiologi-
cally implausible values were excluded based on clinical
expertise, as detailed in Supplementary Table S2, which
outlines the thresholds used and the frequencies of val-
ues observed during the study periods. In accordance
with standard practices for handling missing data in
these datasets, forward fill imputation was applied to all
features, except for medications, fluid intake, and urine
output which were assigned a value of zero when miss-
ing. To address any remaining missing values, we applied
multivariate imputation by chained equations (MICE)
[22].

ORAKLE: model development and validation

We used the framework of Dynamic DeepHit [23] to cap-
ture the temporal dynamics of patient characteristics.
ORAKLE, thus, uses a deep learning survival analysis
framework designed to predict time-to-event outcomes
while accommodating time-dependent covariates. It
has two key subnetworks: (1) a time-series subnetwork,
implemented as a Long Short-Term Memory (LSTM)

MIMIC-IV: training MIMIC-IV:test  SICdb (N=2665) elCU-CRD (N=11,447) Total (N=30,783) pvalue
set (N=13,336) set (N=3335)
Age, year (mean+SD) 67511561 6766+ 15.72 66.52+15.34 66.22+15.25 66.96+ 1548 <0.001
Sex—Male, n (%) 7782 (58.4%) 1939 (58.1%) 1656 (62.1%) 6402 (55.9%) 17,779 (57.8%) <0.001
Race/ethnicity, n (%)
White 8893 (66.7%) 2198 (65.9%) 2665 (100.0%) 9302 (81.3%) 23,058 (74.9%) <0.001
Black 1248 (9.4%) 295 (8.8%) 0 (0.0%) 1200 (10.5%) 2743 (8.9%)
Hispanic 423 (3.2%) 107 (3.2%) 0 (0.0%) 172 (1.5%) 702 (2.3%)
Other 2772 (20.8%) 735 (22.0%) 0 (0.0%) 773 (6.8%) 4280 (13.9%)
Baseline serum creatinine, 1.26+1.21 124+1.18 087+0.18 0.89+0.17 1.09+0.91 <0.001
mg/dL (mean+SD)
First AKI stage, n (%)
11,043 (82.8%) 2769 (83.0%) 2321 (87.1%) 6770 (59.1%) 22,903 (74.4%) <0.001
1292 (9.7%) 306 (9.2%) 134 (5.0%) 2063 (18.0%) 3795 (12.3%)
1001 (7.5%) 260 (7.8%) 210 (7.9%) 2614 (22.8%) 4085 (13.3%)
SOFA score, (mean+SD) 536+2.84 534+287 6.06+2.58 569+3.12 5544294 <0.001

Legend: The development cohort, MIMIC-IV, was divided into 80% training and 20% testing sets. The external validation cohorts include SICdb and elCU-CRD
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network to model and project multivariate time-series
observations effectively; (2) a cause-specific subnetwork,
consisting of a fully connected network that outputs the
probability of each cause-specific outcome at a given esti-
mation time. The model parameters are trained by maxi-
mizing a composite likelihood function, that includes
three key components: (1) the likelihood for cause-spe-
cific cumulative incidence function, defined as the cumu-
lative probability of observing an event at a specific time
divided by the marginal probability of observing an event
across all times; (2) the likelihood for ranking cause-spe-
cific outcomes, based on the assumption that patients
experiencing an event at a particular time should exhibit
a higher predicted risk than those who do not; and (3)
the likelihood for the time-series model, derived from
the product of differences between actual and predicted
time-varying covariates. This dual-subnetwork struc-
ture enables ORAKLE to capture time-varying patterns

(a) MAKE3O risk calculator: ORAKLE
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in multivariate time-series data and model changes in
risk over time simultaneously. Unlike traditional survival
models, such as cox regression, which assume propor-
tional hazards or static predictors, ORAKLE captures
time-dependent risks dynamically, enabling precise and
adaptable risk predictions at any given time point.

We trained ORAKLE using time-series features avail-
able at specific time horizons relative to AKI onset. At
each time horizon, the time-series features were aggre-
gated and used as input to the model. Predictions were
made at 8-h intervals, starting from AKI onset, and were
censored at the earliest of the following events: 7 days
post-AKI, transfer out of the ICU, or the development of
MAKE3O (Fig. 1a). Our neural network architecture con-
sisted of three Long Short-Term Memory (LSTM) layers
where each comprising 100 hidden nodes, followed by
three fully connected layers, also containing 100 hidden
nodes each. To prevent overfitting, we trained the model

Features lll —————cecescescccccsccccscccccascacee > =p"n(MAKE30) -
Features [N ----=----==--==>-===sesseecccmccncecoccs > = p"*(MAKE30) |
Features = x' xf > = p,'2(MAKE30) :
Model M -
Features B mifi xfi . . xfwxfn - > = p("*(MAKE30) :
Features z® x x' a0 x8 gt ceenenees > = p,'20(MAKE30)
1 1 1 1 Il 1 1 1 i .
] L 1 1 I 1 I ] I -
AKI| 8H 16H 7 days after 30 days after
onset AKI onset AKI onset

(b) MAKESO risk calculator: Cox proportional hazard & XGBoost

FORINeS [l =~ —— » | Model Mt = p"(MAKE30) ,
I > = p,t* (MAKE30) |
Features X' * | Model M*: = p,'#(MAKE30) ;
Features B — - = p(** (MAKE30) !
Features R . - = p,‘20 (MAKE30)
1 1 1 1 Il 1 1 1 i .
L] I 1 1 1 1 I ] I v
AKI 8H 16H 7 days after 30 days after
onset AKIl onset AKI onset

Fig. 1 Overview of study design
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on a training dataset derived from MIMIC-1V and sub-
sequently evaluated performance on an independent test
dataset, also from MIMIC-IV. The model was iteratively
trained until the likelihood function converged.

To evaluate the performance of our MAKE30 predic-
tion model, we compared it against the Cox proportional
hazard model and XGBoost model as benchmarks. Since
the Cox and XGBoost models do not inherently support
time-series data, we built separate Cox and XGBoost
models for each time of prediction. At each specified
time point, the models used the available features to esti-
mate the risk of MAKE3O0 (Fig. 1b).

Statistical analysis

We have reported mean values with standard devia-
tions for continuous features and proportions for cat-
egorical variables. We examined the difference across
cohorts (MIMIC-IV, SICdb, and eICU-CRD) using analy-
sis of variance (ANOVA) for continuous variables and
chi-square tests for categorical variables, with a P value
of <0.05 considered statistically significant across all sta-
tistical tests.

We used the C-index to compare ORAKLE and Cox
proportional hazards model for survival analysis across
each prediction time point. We further compared the
performance of ORAKLE against Cox proportional haz-
ards model and XGBoost at each prediction time point
using two key metrics: the area under the receiver operat-
ing characteristic curve (AUROC) and the area under the
precision-recall curve (AUPRC). AUROC measures the
overall discrimination ability by plotting the true positive
rate against the false positive rate, offering a comprehen-
sive evaluation of model performance across different
thresholds. AUPRC measures the trade-off between pre-
cision (the proportion of true positive predictions out of
all positive predictions) and recall (the proportion of true
positives correctly identified out of all actual positives).
We have also reported the macro-averaged AUROC and
AUPRC for MAKE30 outcomes, aggregating perfor-
mance across all prediction time points [24]. We used
10,000 bootstrap resampling to estimate 95% confidence
intervals and determine the significance of differences
between outcomes.

Additionally, we assessed the calibration performance
of the proposed ORAKLE model using the Brier Score,
a metric that evaluates the accuracy of probabilistic pre-
dictions. To estimate 95% confidence intervals and assess
the significance of differences between outcomes, we
employed 10,000 bootstrap resampling iterations.

To allow for explainability of predictions of the model,
we assessed for feature importance using SHapley Addi-
tive exPlanations (SHAP) values. Mean absolute SHAP
values quantify the influence of individual predictors on
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the outcome (MAKE30), with higher values indicating
greater importance in model predictions and lower val-
ues reflecting lesser influence.

All statistical analyses were performed using Python,
version 3.6.13, with TensorFlow, version 1.13, and R soft-
ware, version 4.3.0. We followed the TRIPOD (Transpar-
ent Reporting of a multivariable prediction model for
Individual Prognosis Or Diagnosis) Al guideline [25] for
reporting clinical prediction models study, as detailed in
Supplementary Table S3.

Results

Study population

This study employed three distinct databases to develop
and validate, ORAKLE, a deep learning model to pre-
dict major adverse kidney events by 30 days (MAKE30)
in a continuous fashion. From the MIMIC-1V database,
16,671 patients satisfied the inclusion criteria, with
13,336 (80%) used for model development and 3335
(20%) as internal test cohort (Supplementary Fig. S1).
External validation was conducted using two independ-
ent cohorts: 2665 patients from the SICdb database and
11,447 patients from the eICU-CRD database. The mean
age of patients in the MIMIC-IV cohort was 67.5 years,
with 58.3% male. The SICdb cohort had a mean age of
66.5 years, with 62.1% males. In comparison, the eICU-
CRD cohort had a mean age of 66.2 years, with 55.9%
males. A detailed summary of baseline characteristics
for all cohorts is presented in Table 1 and Supplemen-
tary Table S1. The overall incidence of MAKE30 was
29% in MIMIC-1V, 26% in SiCdb and 39% in eICU-CRD
(Table 2).

Performance of ORAKLE

ORAKLE consistently demonstrated superior perfor-
mance compared to Cox proportional hazard models
across all cohorts. Figure 2 illustrates C-index at dif-
ferent prediction horizons, with detailed values pro-
vided in Supplementary Table S4. When predictions
were made at the time of AKI onset, ORAKLE achieved
C-index of 0.78 (95% CI: 0.77-0.80) for MIMIC-1V, 0.77
(95% CI: 0.79-0.81) for SICdb, and 0.78 (95% CI: 0.79,
0.80) for eICU-CRD, whereas Cox models achieved
C-index of 0.75 (95% CI: 0.73-0.77) for MIMIC-1V,
0.76 (95% CI: 0.74—0.78) for SICdb, and 0.77 (95% CI:
0.76-0.78) for eICU-CRD, respectively. This superior
performance was sustained across the entire predic-
tion horizon; notably, at a prediction horizon of 7 days
post-AKI onset, ORAKLE maintained concordance
of 0.87 (95% CI: 0.86-0.89) for MIMIC-1V, 0.86 (95%
CI: 0.84-0.88) for SICdb, 0.88 (95% CI: 0.87-0.88) for
eICU-CRD, compared to Cox models of 0.83 (95% CI:
0.80-0.85) for MIMIC-1V, 0.83 (95% CI: 0.81-0.85) for
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Table 2 Detailed distribution of individual components of MAKE30 outcomes

MIMIC-IV: MIMIC-IV: test  SICdb (N=2665) elCU-CRD (N=11,447) Total (N=30,783) p value

training set set (N=3335)

(N=13,336)
MAKE30 3737 (28.0%) 938 (28.1%) 761 (28.6%) 4402 (38.5%) 9838 (32.0%) <0.001
Death 2487 (18.6%) 614 (18.4%) 303 (11.4%) 2151 (18.8%) 5555 (18.0%) <0.001
Initiation of new dialysis 452 (3.4%) 129 (3.9%) 112 (4.2%) 334 (2.9%) 1027 (3.3%) <0.001
Final inpatient serum creati- 2025 (15.2%) 527 (15.8%) 467 (17.5%) 1904 (16.6%) 4923 (16.0%) <0.001

nine = 200% of the baseline serum
creatinine

Legend 1: The development cohort, MIMIC-IV, was divided into 80% training and 20% testing sets. The external validation cohorts include SICdb and elCU-CRD

Legend 2: The individual components of the MAKE30 outcomes are not mutually exclusive. For instance, a patient may have died within 30 days following ICU transfer
and simultaneously had a last serum creatinine value greater than 200% of their baseline level
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SICdb, 0.84 (95% CI: 0.83-0.85) for eICU-CRD. Sur-
vival curves for MAKE30 events from ORAKLE across
MIMIC-1V, SICdb, and eICU-CRD cohorts are pre-
sented in Fig. 3.

In addition, ORAKLE consistently outperformed Cox
proportional hazard and XGBoost models in predic-
tion of MAKE30 when evaluated using AUROC and
AUPRC (Figs. 4 and 5, and Supplementary Tables S5
and S6). For the internal test set, ORAKLE achieved a
macro-averaged AUROC of 0.84 (95% CI: 0.83-0.86),
which was significantly higher than the Cox model’s
macro-averaged AUROC of 0.80 (95% CI: 0.78-0.82)
and XGBoost model’s macro-averaged AUROC of 0.81
(95% CI: 0.79-0.83). This performance advantage was
consistent across external validation cohorts. In the
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Fig. 3 Survival curves for MAKE30 across cohorts

SICdb cohort, ORAKLE achieved an AUROC of 0.83
(95% CI: 0.81-0.85) compared to 0.79 (95% CIL: 0.77—
0.81) for the Cox model and to 0.80 (95% CI: 0.78—0.83)
for XGBoost model, while in the eICU-CRD cohort,
ORAKLE achieved an AUROC of 0.85 (95% CI: 0.84—
0.85) compared to 0.81 (95% CI: 0.80-0.82) for the Cox
model and to 0.83 (95% CI: 0.83—-0.84) for the XGBoost
model. All differences were statistically significant.

At the onset of AKI, the ORAKLE demonstrated
clear advantages in predictive performance compared
to the Cox proportional hazard model. In the internal
test set, ORAKLE achieved an AUROC of 0.79 (95% CI:
0.77-0.80), significantly outperforming the Cox model’s
AUROC of 0.75 (95% CI: 0.73-0.77), and the XGBoost
model's AUROC of 0.75 (0.73, 0.77). This trend persisted
in external validation cohorts, where ORAKLE achieved
an AUROC of 0.79 (95% CI: 0.77-0.81) in the SICdb
cohort compared to 0.76 (95% CI: 0.74—0.78) for the Cox
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model and to 0.76 (0.74, 0.78) for the XGBoost model,
and an AUROC of 0.79 (95% CI: 0.78-0.80) in eICU-CRD
cohort compared to 0.77 (95% CI: 0.76—0.78) for the Cox
model and to 0.78 (0.77, 0.79) for the XGBoost model.
The model performance steadily improved predictive
performance as the prediction time point moved further
from the onset of AKI. Both ORAKLE and the Cox pro-
portional hazards model showed increasing AUROC val-
ues as the prediction window progressed from AKI onset
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to 7 days post-onset across both the internal test set and
external validation cohorts. However, the performance
gap between ORAKLE and the two models persisted
throughout this period, highlighting ORAKLE’s superior
ability to utilize extended time-series data for more accu-
rate and dynamic risk prediction.

ORAKLE also consistently outperformed the Cox
proportional hazards model in terms of AUPRC. The
macro-averaged AUPRC for ORAKLE was 0.74 (95%
CL 0.71-0.76), 0.71 (95% CI: 0.68—0.74), and 0.80 (95%
CL 0.79-0.81) in the MIMIC-1V, SICdb, and eICU-
CRD cohorts, respectively, compared to 0.64 (95% CI:
0.60-0.68), 0.58 (95% CL 0.54-0.62), and 0.72 (95% CI:
0.71-0.74) for the Cox model and compared to 0.65 (95%
CI: 0.62-0.69), 0.62 (95% CI: 0.58-0.66), and 0.72 (95%
CIL: 0.70-0.74) for the XGBoost model. At the onset of
AKI, the AUPRC for ORAKLE was 0.61 (95% CI: 0.58—
0.65) in the internal test set, compared to 0.58 (95% CIL:
0.54-0.61) for the Cox model (p<0.01) and to 0.57 (95%
CI: 0.53-0.60) for the XGBoost model (p<0.01). While
all models demonstrated improved performance as the
prediction time point moved further from AKI onset,
ORAKLE exhibited more substantial gains, reflecting
its enhanced ability to utilize time-series data. By day 7,
the ORAKLE achieved an AUPRC of 0.79 (95% CI: 0.77—
0.81) vs. 0.68 (95% CI: 0.64—0.72) for the Cox model and
0.70 (95% CI: 0.66—0.74) for the XGBoost model in inter-
nal test set, with p values < 0.01 for all comparisons (Fig. 5
and Supplementary Table S6).

Similar trends were observed in external cohorts. At
AKI onset, ORAKLE’s AUPRC was 0.60 (95% CI: 0.56—
0.64) in the SICdb cohort and 0.69 (95% CI: 0.67—0.70) in
the eICU-CRD cohort, compared to 0.53 (95% CIL: 0.49—
0.56) and 0.67 (95% CI: 0.66—0.69) for the Cox model and
compared to 0.56 (95% CI: 0.52—0.59) and 0.65 (95% CI:
0.64-0.67) for the XGBoost model, respectively. By day
7, ORAKLE achieved an AUPRC of 0.76 (95% CI: 0.73—
0.79) in the SICdb cohort and 0.83 (95% CI: 0.82—-0.84)
in the eICU-CRD cohort, outperforming the Cox model’s
AUPRC of 0.64 (95% CI: 0.59-0.68) and 0.75 (95% CI:
0.73-0.77) and the XGBoost model’s AURPC of 0.69 (95%
CI: 0.65-0.73) and 0.77 (95% CI: 0.75-0.80), respectively.

Finally, we evaluated the calibration of the ORAKLE
using the Brier Score. The Brier score for ORAKLE was
0.21 (95% CI: 0.21-0.21) in internal test set, 0.21 (95%
CI: 0.20-0.21) in SICdb and 0.21 (95% CI: 0.20-0.21)
in eICU-CRD. Figure 6a shows the model’s Calibration
Plot and Fig. 6b illustrates the Brier Scores for ORAKLE
across three cohorts over time.

Feature importance
At the time of prediction, AKI stage emerged as the most
influential variable for predicting MAKE30, followed
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Fig. 6 ORAKLE's a Calibration plot, b Brier scores over time

elCU-CRD

by age, patient weight, serum creatinine, and the SOFA
score (Fig. 7).

Discussion
In this study, we developed ORAKLE, a deep learning
model designed for dynamic prediction of MAKE30, lev-
eraging the evolving clinical characteristics of patients
over time. The model generates predictions every 8 h,
starting at AKI onset and continuing up to the first
7 days post-AKL This 8-h interval balances the need for
timely updates with sufficient time for clinicians to make
informed decisions, ensuring clinical relevance. ORAKLE
demonstrated excellent performance, with high AUROC
and AUPRC values, and has been validated across diverse
datasets—a heterogeneous U.S. cohort and a European
ICU cohort. This robust validation underscores the mod-
el's generalizability and potential to support dynamic,
actionable decision-making in varied clinical settings.
Most predictive models in the field of AKI have focused
primarily on predicting the development of AKI itself
[26]. However, among patients who already have AK], it is
crucial to identify those at high risk for adverse outcomes
such as MAKE. Understanding this risk is vital for tai-
loring existing therapies to individual patient needs and
for selecting enriched patient samples for clinical trials
of new or existing interventions. The KDIGO guidelines
provide a framework for AKI management, and their
implementation has been shown to improve outcomes
in randomized controlled trial setting [27]. However,

75% 100%
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compliance with these guidelines is notably low in rou-
tine clinical practice [28, 29], largely due to their non-
specific nature and the challenge of determining which
patients would benefit most from specific components of
the recommendations. Our prior work has demonstrated
that specific consensus-based recommendations for
management of AKI can be developed for subgroup of
patients [30], demonstrating that this limitation in guide-
lines can be addressed. Nonetheless, the critical next step
lies in identifying the differential effects of treatments
for individual patients. Achieving this requires dynamic,
time-sensitive risk assessment for adverse outcomes such
as MAKE30. By enabling this evolving risk assessment,
we can not only refine personalized treatment strategies
but also optimize the evaluation of therapies, paving the
way for truly individualized AKI management.

There is a paucity of studies focused on predicting
MAKE, and none of the available models incorporate
evolving time-series data into their predictions. For
instance, Neyra and colleagues compared the perfor-
mance of various machine learning algorithms such
as logistic regression, random forest, support vec-
tor machine, and extreme gradient boosting to predict
MAKE at 120 days [7]. While their model demonstrated
good performance with an AUC of 0.73 in an external val-
idation cohort, it did not account for time-varying covar-
iates and was limited to critically ill adult patients during
the first 3 days of hospitalization, restricting its general-
izability. Similarly, Xiaoyuan and colleagues developed
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Fig. 7 Feature importance for MAKE30 in the ORAKLE. Legend: Features: Age, Race/ethnicity: Black, Race/ethnicity: Hispanic, Race/ethnicity: Other,
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count, WBC count, Bicarbonate, BUN, Calcium, Serum creatinine, Sodium, INR, Total bilirubin, PO2, PCO2, Ph, Base excess, Baseline serum creatinine,
AKI stage, SOFA score, Vasopressor—admin: Yes, Vasopressor: Dose, Mechanical ventilation—admin: Yes, Mechanical ventilation: Hour, Nephrotoxic

drugs—admin: Yes

an early warning model for MAKE30 using a nomogram
based on variables collected within the first 24 h of ICU
admission [31]. Their model exhibited good predictive
performance, with AUC of 0.82 in external validation
cohort but was limited to predictions within first day of
ICU admission and did not incorporate temporally evolv-
ing data. This is particularly critical in the ICU, where a
patient’s clinical condition is highly dynamic. Our prior
work has demonstrated that changes in creatinine over
time are a significant predictor of both acute kidney dis-
ease and mortality [8]. Therefore, capturing this dynamic
evolution in clinical characteristics is essential for accu-
rately predicting outcomes in AKI patients. Unlike static
models that rely on fixed data points captured at specific

intervals, ORAKLE employs a double subnetwork archi-
tecture designed for dynamic prediction. It utilizes an
LSTM network to process multivariate time-series data,
coupled with a fully connected cause-specific network
that estimates probabilities for each outcome at a given
time. This innovative architecture provides a deeper and
more nuanced understanding of AKI progression, effec-
tively addressing the limitations inherent in static predic-
tion models.

LSTMs, are a type of recurrent neural network (RNN)
designed to handle time-series data by addressing the
vanishing and exploding gradient problems of traditional
RNNs [32, 33]. Unlike feedforward networks, which pro-
cess inputs independently, RNNs maintain “memory”
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through hidden states, enabling them to model temporal
and sequential dependencies. However, standard RNNs
often struggle to retain long-term information. LSTMs
resolve these limitations through their unique architec-
ture, which includes memory cells and gating mecha-
nisms. These components enable the selective retention,
updating, and removal of information, allowing LSTMs
to maintain relevant context over extended sequences.
This capability makes them particularly effective for
tasks like time-series prediction. In clinical applications,
LSTMs excel at modeling time-dependent health data
such as electronic health records (EHRs) and continu-
ous monitoring outputs, integrating both abstract and
temporally distant variables [34]. Unlike traditional mod-
els like Cox regression and XGBoost, which struggle to
model dynamic relationships over time, LSTMs are spe-
cifically designed to handle sequential data with chang-
ing patterns. This is especially true when the changes are
nonlinear or when there are intricate, time-dependent
dependencies that are not well captured by the Cox and
XGBoost models. This makes LSTMs a superior choice
for modeling outcomes in diseases like AKI, where kid-
ney function can vary rapidly and treatment decisions
need to be adjusted continuously based on the evolving
patient data.

While ORAKLE demonstrates strong performance,
it is important to acknowledge its limitations. First, as
a retrospective analysis, it is inherently susceptible to
biases, such as selection bias and potential confound-
ing factors, which could influence the interpretation
of the results. However, the study demonstrated good
generalizability, as evidenced by its strong performance
in both internal and two distinct external validation
datasets. Second, we did not specifically adjust base-
line serum creatinine for patients with chronic kidney
disease (CKD), consistent with previous literature [8,
35-37]. This may lead our model to slightly overesti-
mate MAKE30 risk in these patients. An alternative
approach would be to use admission creatinine as the
baseline for those with a documented history of CKD
when historical values of creatinine are unavailable
[38]. In our data, this adjustment would lower AKI
rates by 1.2% in MIMIC-IV, 2.2% in SICdb, and 0.7%
in eICU, and decrease MAKE30 rates by 1.6%, 3.7%,
and 1.1%, respectively. However, using admission cre-
atinine as baseline could underestimate MAKE3O0 risk
in these patients. As our tool is intended for screening,
we favor a conservative approach that slightly overes-
timates risk rather than underestimates it. Third, while
the model shows strong performance, it has yet to be
deployed prospectively in real-world clinical environ-
ments. While the model provides an easily deployable
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framework, the next step is to implement it in clinical
practice to evaluate its effectiveness in a dynamic, clini-
cal context. Fourth, our sample consists of patients who
developed AKI within the first 48 h of ICU admission,
which may limit the generalizability of the findings to
all patients with AKI or those who develop AKI outside
of the ICU setting. Finally, our AKI definition did not
include patients with isolated oliguria, and as a result,
the findings may not be applicable to this subgroup of
patients.

In conclusion, we have developed a robust model that
marks a significant advancement in MAKE30 predic-
tion and AKI management. By integrating dynamically
evolving time-series features, the model offers a more
accurate reflection of the dynamic nature of kidney
injury, treatment responses, and patient progression.
This approach enables individualized risk assessments
and the identification of differential responses to treat-
ments, paving the way for more personalized and effec-
tive management strategies.
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