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ABSTRACT

Background. Acute kidney injury (AKI) is a significant complication in patients with trauma. The early identification of
AKI in these patients poses challenges. This study aimed to predict AKI in trauma patients 24 or 48 hours in advance
using an extreme gradient boosting (XGBoost) model.

Methods. We analyzed 17 859 trauma patients admitted to a regional trauma center between January 2015 and July 2023.
Demographic, clinical, and laboratory parameters were collected. The model was developed using data until July 2021
and validated using data from August 2021. We developed models to predict AKI stages 1-3 and AKI stages 2 and 3
occurring 48 and 24 hours later and measured predictive performance in the validation group. The models’ performance
was evaluated using the area under the receiver operating characteristic curve (AUROC), and feature importance was
assessed through SHapley Additive exPlanations values.

Results. The study population exhibited an incidence of AKI of 6.6% in the development group and 5.4% in the
validation group. The models demonstrated predictive performance with AUROCs of 0.864 and 0.886 for 48-hour
predictions of AKI stages 1-3 and stages 2 and 3, and 0.904 and 0.903 for 24-hour predictions of AKI stages 1-3 and stages
2 and 3, respectively. Key features influencing model predictions included baseline and in-hospital serum creatinine
values, injury severity score, age, lactate dehydrogenase, D-dimer, platelets, albumin, and C-reactive protein levels.
Conclusions. The XGBoost models effectively predicted AKI in trauma patients up to 48 hours in advance using clinical
data.
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KEY LEARNING POINTS

What was known:

hospital stays.
distinct from the general hospital population.

lacking.
This study adds:

(ISS), and biomarkers like LDH, CRP, and D-dimer.
Potential impact:

system for AKI in trauma settings.
to trauma patients.

tients, potentially reducing morbidity and mortality.

e Acute kidney injury (AKI) is a common complication in trauma patients associated with increased mortality and longer
e Trauma patients may have different risk factors for AKI, including hemorrhage, direct kidney trauma, and rhabdomyolysis,

e Early identification of AKIrisk in trauma patients is challenging, and predictive models specifically for this population were

e An extreme gradient boosting machine learning model was developed and validated to predict AKI in trauma patients 24
and 48 hours in advance with high accuracy (area under ROC curve 0.864-0.904).

e The predictive model achieved a sensitivity of 65%-74% with a specificity of 90%-91% using an optimal cut-off value.

e The model identified key predictive factors for AKI in trauma patients, including serum creatinine, age, injury severity score

e The study demonstrates the feasibility of using readily available electronic health record data to create an early predicting
e By identifying key risk factors, this study may inform targeted research into AKI prevention and treatment strategies specific

e Implementation of this predictive model could enable earlier intervention and prevention strategies for AKI in trauma pa-

INTRODUCTION

Acute kidney injury (AKI) is a common complication among
trauma patients admitted to hospital. A systematic review has
revealed that a pooled rate of 24% of trauma patients admitted to
intensive care units develop AKI [1]. The reported incidence rate
of AKI in trauma patients is as high as the AKI incidence from
data in general hospitalized patients [2]. Similar to AKIin general
patients, AKI in trauma patients is also associated with signifi-
cant increases in in-hospital mortality and longer hospital stays
[3-6]. Trauma patients have distinct characteristics compared
with general hospitalized patients. For example, these individ-
uals are often younger and typically present with a lower bur-
den of comorbid health conditions [7]. Furthermore, the patho-
genesis of AKI in trauma patients is multifactorial, with unique
contributors such as hemorrhage, direct traumatic injury to the
kidneys, and rhabdomyolysis, each of which can lead to kidney
damage [8]. In addition to the well-known risk factors for AKI,
such as the presence of diabetes, advanced age, baseline kid-
ney function impairment, and use of nephrotoxins, studies of
trauma patients have suggested potential risk factors for AKI in
trauma patients, such as type of injury, history of blood transfu-
sions, rhabdomyolysis, and hyperlactatemia [9-11].

The diagnosis of AKI is straightforward, guided by well-
established criteria regarding serum creatinine levels and urine
output as outlined in the Kidney Disease: Improving Global Out-
comes (KDIGO) guideline [12]. However, clinical recognition and
management of AKI is often suboptimal, resulting from inade-
quate assessment of its risk factors [13]. Hence, the initial ap-
proach in managing AKI encompasses the early detection of
risk factors predisposing to AKI and kidney function decline,
followed by targeted interventions that address the underlying
pathophysiological etiologies [14].

Prediction models using clinical features have been devel-
oped for the early diagnosis of AKI [15]. With the recent ad-
vances in machine learning models, AKI prediction models have
shown improvements in accuracy [16, 17]. The extreme gradi-

ent boosting (XGBoost) machine learning model is a tree-based
model based on decision trees that classify data based on con-
ditions, and it uses the Boosting algorithm, one of the ensemble
learning methods that combines the results of multiple mod-
els to improve prediction performance, to improve the perfor-
mance of the model. The Boosting algorithm works sequentially
by weighting the errors that resulted from the failure to predict
in the previous decision tree and taking them into account in
the next tree to make predictions [18].

In this study we aimed to develop and validate a predictive
algorithm based on machine learning techniques for the early
identification of AKI in trauma patients. The timely prediction
of AKI using a machine learning model has the potential to im-
prove prognostic outcomes in trauma patients.

MATERIALS AND METHODS

This retrospective, single-center study using electronic health
records (EHRs) was conducted under a protocol reviewed and
approved by the Institutional Review Board of Dankook Uni-
versity Hospital (IRB number 2023-12-006). The institutional re-
view board waived the requirement for informed consent for this
study.

Data description and inclusion criteria

We included a trauma patient cohort in the study institution,
the trauma center of Dankook University Hospital, from January
2015 to July 2023. The study institution is one of the major re-
gional trauma centers in South Korea, specifically serving the
Chungnam province, which has a population of ~2.06 million
individuals. The clinical data included laboratory results, diag-
noses as International Statistical Classification of Diseases and
Related Health Problems (ICD-10) codes, injury severity score
(ISS) at admission, medication, and demographic data. Briefly,
the data were collected from the EHRs of patients visiting the
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trauma center within the study period. Out of a total of 18 900
screened patients, a total of 17 859 were included in the study,
excluding those who were not admitted to the hospital and dis-
charged the same day. The study’s inclusion criteria were as fol-
lows: (i) age between 18 and 90 years; (ii) presence of baseline
serum creatinine value within the first 24 hours of hospitaliza-
tion; (iii) a baseline serum creatinine value below 4.0 mg/dL or
receiving renal replacement therapy within 24 hours of admis-
sion; and (iv) subsequent serum creatinine measurement con-
ducted at least 24 hours following the initial serum creatinine
test. We followed the Transparent Reporting of a Multivariable
Prediction Model for Individual Prognosis or Diagnosis using ma-
chine learning methods (TRIPOD + AI) reporting guideline [19].

Outcome definition

The study had two primary outcomes: the composite outcome of
AKI stages 1-3 and, separately, AKI stages 2 and 3, defined based
on serum creatinine levels. At each 24-hour interval, the stages
of AKI were assessed based on the KDIGO guideline for AKI defi-
nition based on serum creatinine. The baseline serum creatinine
was obtained within 24 hours of admission and excluded from
the analysis if there was no serum creatinine value within the
timeframe. Urine output data were excluded from our study due
to concerns about the accuracy of these measurements as doc-
umented in EHRs.

Feature selection and data preparation

In this study, feature selection was conducted based on in-
dicators that were both available in our database and rec-
ognized as potential risk factors for AKI in previous stud-
ies [9-11]. The predictive model incorporates features such as
patient demographics (age and gender), type of injury catego-
rized according to ICD-10 diagnostic codes, the ISS index, and
baseline serum creatinine value recorded within the first 24
hours of admission. Time-series features included laboratory
measurements and medications administered within the ini-
tial 7-day period following hospital admission. Given the es-
tablished risk factors for AKI identified in prior research and
the regularity of clinical testing, we included a comprehensive
range of laboratory features. These encompassed hemoglobin,
platelet count, white blood cell (WBC) count, serum albumin,
chloride, D-dimer, total bilirubin, creatine kinase (CK), bicar-
bonate, lactate, C-reactive protein (CRP), procalcitonin, lactate
dehydrogenase (LDH), arterial blood gas pH, and the urinary
analysis parameters specific gravity, WBCs, red blood cell (RBC)
count, protein, renal epithelial cells, and squamous cells. Medi-
cations were categorized as binary variables, assessing the pre-
scription and administration of vancomycin, aminoglycosides,
non-steroidal anti-inflammatory drugs (NSAIDs), iodine-based
contrast agents, mannitol, inotropic drugs, diuretics, colistin,
penicillins, cephalosporins, renin-angiotensin system (RAS) in-
hibitors, lipid-lowering agents, and colloid fluids. Time-series
features missing within 24-hour intervals were treated as pre-
viously tested values and imputed Not a Number (NaN) values
when baseline values were unavailable.

Predictive model development and validation

To develop and validate prediction models for AKI, we organized
patients’ time-series clinical data in the order of test records to
enable gradient tree models to learn from the data. Based on
the inclusion and exclusion criteria, patients who did not have

a baseline creatinine value within 24 hours of hospital admis-
sion were excluded from the study, and the missing values were
not imputed with the reference creatinine value. For laboratory
baseline data other than serum creatinine, missing values were
handled as follows: if actual measurements were available, these
were designated as baseline values. When there was a gap be-
tween consecutive laboratory tests, the result of the earlier test
was assumed to continue until just prior to the subsequent test.
The preprocessed data were split into development and valida-
tion sets based on the time of admission. Patients admitted be-
tween January 2015 and July 2021 were assigned to the model
development group. Subsequently, individuals hospitalized from
August 2021 to July 2023 were allocated to the validation group.
The XGBoost model was trained on the training set using a gra-
dient boosting framework. For the hyperparameter settings of
the gradient decision tree models, the number of trees was set
to 100, the maximum depth of each tree was limited to 6, and
the prediction results of the previous tree were reflected in the
next boosted decision tree with a ratio of 0.3. The model’s perfor-
mance was evaluated using the metric of the area under the re-
ceiver operating characteristic curve (AUROC) of the models. To
present clinically applicable diagnostic criteria, sensitivity and
specificity were measured according to cut-off values. We as-
sessed the relative importance of features contributing to the
predictions of the XGBoost model by analyzing SHAP (SHapley
Additive exPlanations) values [20]. SHAP scores provide a game-
theoretic approach to explain the output of machine learning
models by assigning each feature an importance value for a par-
ticular prediction.

Statistical analysis

Patient demographics, laboratory values, medication, and out-
comes were compared among the development and validation
cohorts. We displayed the statistical results as numbers and per-
centages for categorical or discrete variables and as median and
interquartile ranges for continuous variables. For these com-
parisons, based on the distributions of the variables, we used
t-tests, analysis of variance, and x? tests as appropriate. All
analyses including model development and validation were per-
formed using the pandas 1.3.5, scikit-learn 1.0.2, Matplotlib 3.5.3,
shap 0.42.1, Seaborn 0.12.2, and XGBoost 1.6.2 libraries within a
Python 3.7.16 (Python Software Foundation) environment. The
level of significance was set at a two-sided P < .05.

RESULTS
Baseline characteristics

The flowchart of the study is shown in Fig. 1. A total of 11 687
patients (9063 in the development set and 2624 in the validation
set) were included in the analysis. Of the patients, the overall
incidence rates of AKI stages 1-3 was 6.6% in the development
group and 5.4% in the validation group. The incidence rates of
AKI stages 2 and 3, which can be considered severe forms of AKI,
were 2.2% and 2.5%, respectively. In-hospital mortality was 4.9%
in the development group and 4.3% in the validation group. The
cohort assignment, based on specific time intervals rather than
random selection, resulted in statistically significant variances
in most baseline characteristics between the development and
validation groups.

The baseline characteristics of the participants are shown in
Table 1. Statistically significant differences were observed be-
tween the development and validation groups in terms of sex
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Figure 1: Flowchart for patient selection. A total of 18 900 patients were screened using their medical records from January 2015 to July 2023. A total of 6169 patients
were excluded due to exclusion criteria based on medical chart review. The development cohort comprised individuals admitted until July 2021. Subsequently, the
validation cohort consisted of patients admitted after August 2021. ER, emergency room; RRT, renal replacement therapy.

ratio, injury site distribution, diabetes prevalence, mean age, ISS,
and baseline renal function as assessed by the Chronic Kidney
Disease Epidemiology Collaboration with eGFR (CKD-EPI eGFR).
During hospitalization, a high frequency of use of analgesics
such as NSAIDs and acetaminophen was observed in both the
development and validation groups. Additionally, several med-
ications that may contribute to the development of AKI were
identified, including RBC transfusions, loop diuretics, RAS in-
hibitors, and intravenous mannitol. The baseline characteristics
stratified by AKI stage are presented in Supplementary Table S2.

Performance of the predictive model

We performed an internal and temporal validation of the pre-
dictive performance of an XGBoost model trained using clinical
data from the development set. The performance of the predic-
tive model was quantified by calculating the AUROC curve. In
the validation group, the 48-hour predictive model for AKI stages
1-3 demonstrated an AUROC of 0.864, while for the model for
AKI stages 2 and 3 exhibited an AUROC of 0.886. Additionally,

we utilized the XGBoost model to predict the occurrence of AKI
within 24 hours, employing the same development-validation
dataset previously identified. The 24-hour predictive model for
AKI stages 1-3 showed an AUROC of 0.904, and the model for AKI
stages 2 and 3 achieved an AUROC of 0.903 (Fig. 2). For longer-
term prediction, the 72-hour predictive model showed an AU-
ROC of 0.809 for AKI stages 1-3 and 0.783 for stages 2 and 3
(Supplementary Fig. S1). Compared with other machine learning
algorithms, including random forest, support vector machine,
ridge regression, and logistic regression, our XGBoost model
demonstrated superior performance across most AKI prediction
scenarios (Supplementary Table S1).

To assess the clinical diagnostic usefulness of the predictive
model, we evaluated the diagnostic sensitivity and specificity
using various cut-off probabilities. For the 48-hour prediction of
AKI stages 1-3, the model demonstrated a sensitivity of 68.0%
and a specificity of 91.2% using a cut-off probability value of
0.008. The 48-hour prediction model for AKI stages 2 and 3 exhib-
ited a sensitivity of 65.1% and a specificity of 90.5% at a cut-off
value of 0.0007. Additionally, the 24-hour prediction model for
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Table 1: Baseline characteristics of development and validation groups.
Development group Validation group
Characteristic (total n = 11 687) (n =9063) (n = 2624) P-value
Sex, female, n (%) 2790 (30.8) 898 (34.2) <.01
Age, years (IQR) 58.0 (44.0, 71.0) 60.0 (46.0, 73.0) <.01
Injury severity score, points (IQR) 9.0 (4.0, 17.0) 10.0 (5.0, 17.0) <.01
AKI, n (%)
AKI stage 1-3 596 (6.6) 142 (5.4) 18
AKI stage 2-3 201 (2.2) 66 (2.5) 45
Mortality, n (%) 442 (4.9) 114( 4.3) 28
Injury site, n (%)
Abdominopelvis 1121 (12.4) 330 (12.6) <.01
Thorax 782 (8.6) 277 (10.6)
Head 2432 (26.8) 722 (27.5)
Others 4503 (49.7) 1278 (48.7)
Diabetes mellitus 1274 (14.1) 460 (17.5) <.01
Clinical parameters
Serum creatinine, mg/dL (IQR) 0.8 (0.7, 1.0) 0.8 (0.7,1.0) .63
EPI-CKD eGFR, ml/min/1.73 m? (IQR) 99.9 (87.0, 111.1) 98.4 (85.8, 109.3) 01
Hemoglobin, g/dL (IQR) 12.6 (11.0, 14.0) 12.6 (11.1, 14.0) 85
Platelets, 1000/ L (IQR) 210.0 (172.0, 250.0) 218.0 (179.0, 261.0) <.01
White blood cells, 1000/1.L (IQR) 10.1(7.7,13.2) 10.3 (7.8, 13.4) .01
Serum bilirubin, mg/dL (IQR) 0.5(0.4,0.8) 0.5(0.4,0.7) 42
Serum albumin, g/L (IQR) 4.2 (3.8,4.5) 4.1(3.8,4.4) 79
Serum LDH, U/L (IQR) 271.0 (220.0, 364.0) 275.0 (223.0, 363.8) 19
Serum lactate, mmol/L (IQR) 1.4(0.9,2.3) 1.2 (0.8,2.2) <.01
CK, U/L (IQR) 211.0 (118.2, 427.0) 199.0 (113.0, 374.0) 11
D-dimer, ng/mL (IQR) 3286.0 (856.5, 10 764.5) 3051.0 (829.8, 11 698.5) .09
CRP, mg/dL (IQR) 0.2 (0.1,1.2) 0.2 (0.1,0.9) 10
Arterial pH, (IQR) 7.4(7.4,7.5) 7.4(7.4,7.4) <.01
Arterial total CO,, mmol/L (IQR) 24.7 (21.8, 27.1) 21.7 (19.6, 23.5) <.01
Arterial bicarbonate, mmol/L (IQR) 25.4(23.3,27.2) 25.2 (23.5, 26.8) .94
Urine specific gravity, (IQR) 1.020 (1.014, 1.030) 1.022 (1.015, 1.036) <.01
Presence of urine RBC, n (%) 3497 (38.6) 1210 (46.1) <.01
Presence of urine WBC, n (%) 3240 (35.7) 1374 (52.4) <.01
Presence of urine squamous cells, n (%) 435 (4.8) 205 (7.8) 13
Presence of urine renal epithelial cells, n (%) 28 (0.3) 5(0.2) .08
Medication use
NSAIDs, 1 (%) 3277 (36.2) 1269 (48.4) <01
Acetaminophen, n (%) 6946 (76.6) 2206 (84.1) <.01
IV vancomycin, n (%) 570 (6.3) 201 (7.7) .02
Aminoglycosides, n (%) 1203 (11.3) 269 (10.3) .10
IV acyclovir, n (%) 15 (0.2) 4(0.2) 1.00
Colistin, n (%) 101 (1.1) 57 (2.2) <.01
Norepinephrine, n (%) 298 (3.3) 271 (10.3) <.01
Mannitol, n (%) 942 (10.4) 430 (16.4) <.01
Loop diuretics, n (%) 2841 (31.3) 961 (36.6) <.01
Spironolactone, n (%) 203 (2.2) 101 (3.8) <.01
Thiazide, n (%) 362 (4.0) 111 (4.2) 72
RAS inhibitors, n (%) 1528 (16.9) 572 (21.8) <.01
RBC transfusion, n (%) 3670 (40.5) 1095 (41.7) 53

IQR, interquartile range; IV, intravenous.

AKI stages 1-3 showed a sensitivity of 73.9% and a specificity of
90.4% with a cut-off value of 0.008, while the 24-hour prediction
model for AKI stages 2 and 3 achieved a sensitivity of 74.2% and
a specificity of 90.4% at a cut-off value of 0.0004 (Fig. 3). The cor-
responding accuracy and F1 scores for different cut-off values
are provided in Supplementary Table S3.

Feature importance

We analyzed feature importance by calculating SHAP scores and
illustrate summary plots for each predictive model in Fig. 4.

Across all predictive models, in-hospital serum creatinine value
was the most influential feature driving the model predictions.
Baseline serum creatinine at admission, age, ISS, LDH, CRP, and
D-dimer levels were found to be significant factors in the mod-
els, although their importance varied across the different predic-
tion models. Meanwhile, administered medications such as in-
travenous vancomycin, NSAIDs, colistin, and anti-hypertensive
agents were found to contribute relatively less to the prediction
models compared with the aforementioned clinical and labora-
tory parameters.
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Figure 2: ROCs for XGBoost models. The plots present the ROC curves for the XGBoost models, which plot model sensitivity against false-positive rate across a range of
all possible risk thresholds for predicting the binary AKI outcome. The diagonal line represents the performance of the random classifier, which serves as a baseline for
comparison. The ROC curves demonstrate the prediction performance for AKI stages 1-3 (a) and AKI stages 2 and 3 (b) 48 hours ahead of time, as well as the prediction
performance for AKI stages 1-3 (c) and AKI stages 2 and 3 (d) 24 hours ahead of time. The AUROC curve values are indicated in the legend of each plot.

DISCUSSION

In this study we developed and validated a series of AKI predic-
tion models using the XGBoost machine learning algorithm to
forecast AKI events 24 and 48 hours in advance among trauma
patients. To the best of our knowledge, this is the first study to
report the prediction of AKI in trauma patients using a gradient
boosting model. We investigated the ability to predict AKI in this
patient population using XGBoost, a gradient boosting model
that has demonstrated superior performance compared with
other types of models, such as logistic regression, random forest,

support vector machine, and artificial neural network models, in
predicting AKI based on time-series clinical data [21-24].

The predictive models in our study demonstrated effective
performance in forecasting in-hospital AKI among trauma pa-
tients in a temporal validation cohort, as evidenced by the AU-
ROC values. Furthermore, to interpret the clinical features con-
tributing to the model’s predictions and further elucidate the
factors driving the model’s decision-making process, we em-
ployed SHAP values, a method of machine learning model expla-
nation [25]. The SHAP summary plot (Fig. 4) represents variable
importance, where the Y-axis lists the variables in order of their
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Figure 3: Sensitivity and specificity of XGBoost models by cut-off probabilities. Each panel depicts bar plots comparing the sensitivity and specificity across a range of
probability cut-off values for the prediction model. Sensitivity (represented by orange bars) measures the model’s ability to correctly identify true AKI cases, whereas
specificity (represented by blue bars) measures the model’s ability to correctly identify true negative cases. The bar plots illustrate the trade-off between sensitivity
and specificity across different cut-off values for the prediction of AKI stages 1-3 (a) and AKI stages 2 and 3 (b) 48 hours ahead of time, as well as for the prediction of

AKI stages 1-3 (c) and AKI stages 2 and 3 (d) 24 hours ahead of time.

impact on the model’s predictions. The X-axis represents the
summarized SHAP value, which indicates the degree of change
in log odds. This approach allows a comprehensive understand-
ing of how each feature influences the model’s output, provid-
ing insights into the relative importance of various clinical pa-
rameters in predicting AKI. The SHAP analysis revealed that ISS
and in-hospital laboratory values before the AKI event, such as
serum creatinine, LDH, CRP, CK, and D-dimer, played a signifi-
cant role in the model’s predictions. These findings suggest that
monitoring and considering temporal changes in these specific
laboratory parameters can aid in assessing a patient’s risk of de-
veloping AKI during their hospitalization.

AKI is a common condition among hospitalized patients,
with a reported incidence of more than 10%-20% and an as-
sociated increased risk of in-hospital mortality [2]. In contrast,
trauma patients tend to be younger and have fewer comorbidi-
ties compared with the general hospitalized population. Hence,
the incidence of AKI in trauma patients is generally lower, al-
though reported rates vary across different studies [8, 9]. In this
study the mean age of hospitalized patients was relatively low
at 57 years, and the mean value of baseline EPI-CKD eGFR was
99 mL/min/1.73 m?, which is similar to that of the general pop-
ulation [26].

In addition to the distinctions between trauma patients and
the general hospitalized population, there are specific factors in-
herent to trauma patients that are known to be associated with
the development of AKI. These factors include the site of in-
jury (e.g. abdominal injury), mechanism of injury (e.g. burns),
higher ISS, and elevated CK levels resulting from rhabdomy-
olysis [10, 27, 28]. The presence of these unique risk factors
and patient characteristics provide a compelling rationale for

the development of dedicated predictive models tailored specif-
ically for forecasting in-hospital AKI among patients admitted
to trauma centers. By incorporating these trauma-specific vari-
ables into the predictive models, in conjunction with other per-
tinent clinical data, the accuracy and performance of the mod-
els in identifying patients at high risk of AKI can be enhanced.
Consequently, this approach can facilitate the implementation
of early intervention strategies and optimize patient manage-
ment in the trauma setting, ultimately leading to improved
patient outcomes. Recently, some positive results have been re-
ported for systems that utilize EHR-based real-time AKI predic-
tion models to alert clinicians to AKI events or provide clinical
decision support systems to prevent mortality [29-32]. In order
to prevent the occurrence of AK], it is crucial to develop a com-
prehensive clinical supporting system that can forecast AKI in
advance. This system should accurately predict AKI with mini-
mized false negatives and provide clear explanations for its pre-
dictions. In this study, we present a predictive model that uti-
lizes time-series clinical indicators to forecast all stages of AKI,
including severe cases, with a specificity of 90%-95%. Further-
more, our model demonstrates an accuracy of over 70% in pre-
dicting AKI 24 hours in advance and 60% accuracy in predicting
AKI 48 hours in advance in trauma patients.

We acknowledge several limitations of our study. First, the
retrospective and observational nature of our EHR-based design
of the research could have introduced inevitable selection bias,
as the study relied on pre-existing data and did not involve ran-
dom assignment of participants to groups. Second, our study uti-
lized only laboratory results and medications administered dur-
ing hospitalization as features for the time-series clinical data,
which can be considered both a strength and a weakness. On
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Figure 4: Contributions of the top 15 features on SHAP summary plots of prediction models. The higher the SHAP value of a feature, the greater its contribution to
the prediction of AKI occurrence by the model. Each dot represents a single patient’s feature attribution value for the corresponding feature in the model. The vertical
position of a dot indicates the impact of that feature on the model output for that particular patient, with dots accumulating vertically to depict the density of patients
at each impact level. The color of the dots represents the actual value of the feature for the patient, with red indicating higher feature values and blue indicating lower
feature values. The SHAP summary plots show the feature contributions for AKI stages 1-3 (a) and AKI stages 2 and 3 (b) 48 hours ahead of time, as well as for AKI

stages 1-3 (c) and AKI stages 2 and 3 (d) 24 hours ahead of time.

one hand, focusing on robust data that can be easily collected
from EHRs reduces the data requirements for a real-world clin-
ical setting, minimizing errors and the need for secondary data
processing. This approach enhances the feasibility and repro-
ducibility of the study. On the other hand, the lack of utilization
of additional features, such as documented clinical history, time-
averaged urine output, systolic and diastolic blood pressure, and
pulse rate, may limit the predictive power of the model. More-
over, the inability to include urine output-based AKI diagnosis
due to the inaccuracy of urine output recording and the diffi-
culty of applying the KDIGO AKI urine output criteria is a signifi-
cant drawback. To overcome these limitations, an infrastructure
capable of supporting a comprehensive real-time EHR database
is needed, along with a method to accurately quantify vital sign
values and hourly urine output, which can be subject to mea-
surement errors. Third, given the risk of overfitting a predictive
model trained using inpatient data, external validation using a
separate database with a similar EHR structure is a more robust
method for assessing the model’s predictive performance. In this
study, we employed a temporal validation technique to ensure
heterogeneity between the development group and the valida-
tion group. This approach helps to mitigate the risk of overfitting
and provides a more reliable, albeit imperfect, assessment of the
model’s generalizability. However, as a focus of future research,

developing an AKI risk surveillance model with real-time fea-
ture value updates, integrating it into EHRs, and implementing it
across multiple trauma centers could help to address these limi-
tations and improve prediction performance. Such a live predic-
tion model would allow the continuous monitoring of patients’
risk factors and enable timely interventions to prevent or miti-
gate AKI. Furthermore, the increased diversity of data from mul-
tiple centers would enhance the model’s robustness and exter-
nal validity.

In conclusion, the predictive performance of our XGBoost
model for AKI prediction in trauma patients was not inferior
to that of conventional machine learning models. This find-
ing demonstrates that it is possible to predict AKI 24 or 48
hours in advance using parameters readily available in the
EHR database. Based on these results, the development and
implementation of a clinical decision support tool that inte-
grates our predictive model could provide an opportunity for
early intervention in trauma patients at risk of developing
AKI.
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