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Summary
Background COVID-19 has been linked to acute kidney injury (AKI) and chronic kidney disease (CKD), but machine
learning (ML) models predicting these risks post-pandemic have been absent. We aimed to use large electronic health
records (EHR) and ML algorithms to predict the incidence of AKI and CKD during the post-pandemic period, assess
the necessity of including COVID-19 infection history as a predictor, and develop a practical webpage application for
clinical use.

Methods National EHR data from TriNetX, emulating a prospective cohort of 104,565 patients from 07/01/2022 to
03/31/2024, were used. A total of 69 baseline variables were included, with demographics, comorbidities, lab test
results, vital signs, medication histories, hospitalization visits, and COVID-19-related variables. Prediction windows
of 1 month and 1 year were defined to assess AKI and CKD incidence. Eight machine learning models, primarily
including extreme gradient boosting (XGBoost), neural network, and random forest (RF), were applied. Cross-
validation and model tuning were conducted during the training process. Model performance was evaluated using
six metrics, including the area under the receiver-operating-characteristic curve (AUROC). A combination of
model-driven, data-driven, and clinical-driven methods was employed to identify the final models. An application
with the final models was built using the R Shiny framework.

Findings The final models, incorporating 9 variables—primarily including eGFR, inpatient visit number, and number
of COVID-19 infections—were selected. XGBoost demonstrated the best performance for predicting the incidence of
AKI in 1 month (AUROC = 0.803), AKI in 1 year (AUROC = 0.799), and CKD in 1 year (AUROC = 0.894). Random
Forest (RF) was selected for predicting the incidence of CKD in 1 month (AUROC = 0.896). A comparison of AUROC
with and without COVID-19 infection confirmed its importance as a critical predictor in the model. The final models
were translated into a convenient tool to facilitate their use in clinical settings.

Interpretation Our study demonstrates the applicability of using large national EHR data in developing high-
performance machine learning models to predict AKI and CKD risks in the post-COVID-19 period. Incorporating
the number of COVID-19 infections in the past year showed improved prediction performance and should be
considered in future models for kidney disease prediction. A user-friendly application was created to support
clinicians in risk assessment and surveillance.
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Introduction CKD in 2021." Despite its high prevalence, up to 90% of
Chronic Kidney Disease (CKD) involves a gradual loss of individuals with CKD may be unaware of their condi-
kidney function and is common among US adults, with ~ tion.” CKD often remains asymptomatic in its early
15% of US adults or 37 million people estimated to have ~ stages, leading to delayed diagnosis until advanced
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Articles

Research in context

Evidence before this study

Epidemiological research links COVID-19 infection to
increased kidney disease incidence. While machine learning
(ML) algorithms have recently been applied to predict kidney
diseases using clinical data, their use for this purpose in the
post-COVID-19 era remains unexplored, especially with large
national electronic health records (EHR). We searched PubMed
on March 1, 2025, with no date or language restrictions for
publications, using Medical Subject Headings (Mesh) “COVID-
19" [Mesh] AND “Kidney Diseases” [Mesh] AND “Machine
Learning” [Mesh], which yield nine results. Of these, eight
studies focused on COVID-19-infected individuals from 2020
to 2021, with small clinical datasets, while one study with
data for a short period (December 2022 to January 2023).
Specifically, five studies predicted mortality, three focused on
dialysis or kidney transplantation, and one aimed to predict
acute kidney disease over a short term using data from a
single clinical centre. Therefore, no studies have employed
machine learning in predicting chronic kidney disease (CKD)
and acute kidney injury (AKI) in the general population during
the post-pandemic period using national EHR data.

Added value of this study

Using large national EHR data from 07/01/2022 to 03/31/
2024 in the United States, we emulated a prospective cohort
study to accurately identify baseline covariates (predictors) for

stages, such as end-stage kidney disease (ESRD), which
require interventions like dialysis or transplantation.’
Acute kidney injury, characterised by a sudden decline
in kidney function, affects approximately 20% of hos-
pitalised patients in the US.>* Delayed diagnosis of AKI
is associated with an increased risk of in-hospital mor-
tality, prolonged hospital stays, and a greater likelihood
of progression to CKD or ESRD.** Early diagnosis is
crucial to improving outcomes and preventing AKI and
CKD.* Therefore, it is essential to develop strategies to
predict the risk of incident CKD and AKI, facilitate early
diagnosis, and enable timely intervention to manage
disease progression effectively.

With the rapid advancement of machine learning
(ML) algorithms, these techniques have been increas-
ingly applied to predict the risk of various diseases,
including kidney diseases.” However, current ML
studies have notable limitations: (1) During the post-
pandemic periods, COVID-19 has emerged as a signif-
icant risk factor for kidney diseases,*'? but most ML
algorithms do not account for this factor, as their
training data predates 2020; (2) ML prediction models
utilizing electronic health records (EHRs) often lack the
detailed cohort construction and variable identification as
done using traditional epidemiological study designs
such as cohort studies''; (3) Studies primarily con-
ducted by experts in computer science tend to emphasise

predicting kidney disease. We developed high-performance
models to predict CKD and AKI incidence within one month
and one year following both inpatient and outpatient visits
during the post-COVID-19 period. Our findings highlight that
age, sex, BMI, diastolic and systolic blood pressure, eGFR,
BUN, and a one-year history of COVID-19 infections and
inpatient admissions are essential predictors for model
accuracy. Additionally, we created a user-friendly clinical
application to aid clinicians in assessing individual patient risk
and enhancing timely surveillance.

Implications of all the available evidence

Our study has three important implications for the field: (1)
Clinical Implications: Our findings highlight the necessity of
including COVID-19 infection history in future ML models for
predicting kidney diseases. (2) Methodological Implications:
This study serves as an example of how to emulate a
prospective cohort study using EHR data to better define
predictors. It can aid ML experts in obtaining accurate input
data and assist epidemiologists and clinicians in developing
advanced ML models. (3) ML Application Implications: We
provide a solution for integrating ML models into real-world
clinical settings. The web-based application we developed
utilises only nine variables, yet achieves strong predictive
performance, enhancing accessibility and practicality across
various clinical environments.

ML algorithms while underestimating the importance of
clinically meaningful variables and real-world applica-
tion'*"*'%; (4) Many ML models are trained on limited
sample sizes from longitudinal cohorts or clinical trials,
which may reduce generalizability'””"*; (5) While several
studies have demonstrated the effectiveness of ML in
predicting kidney diseases, few have translated these
findings into practical solutions for clinical application.

In this study, we aimed to utilise national EHR data
and ML algorithms, with emulation of a prospective
cohort study, to predict the risk of AKI and CKD in both
the short term and long term during the post-COVID-19
pandemic. Additionally, we aimed to assess the neces-
sity of including COVID-19 as a predictor, and develop a
web-based application to assist clinicians in applying the
ML models we developed in clinical settings.

Methods

In our study, we focused on two processes: learning and
prediction. In the learning phase, we utilised electronic
health records data to build the cohort and addressed
missing data and class imbalance issues. We then
developed full training models, conducted feature (var-
iable) selection, and performed reduced model selec-
tion, ultimately deriving ML models for four distinct
outcomes. In the prediction phase, we developed a
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prediction application that incorporated the four ML
models. This application is designed to assist physicians
in predicting individual risks of kidney diseases and
providing timely surveillance (Fig. 1). This study fol-
lowed TRIPOD + AI (Transparent Reporting of a
multivariable prediction model for Individual Prognosis
Or Diagnosis with Artificial Intelligence) guideline.”

Ethics

Our study performed secondary data analysis of fully de-
identified electronic health record data, which does not
meet the definition of human subject research as
defined in 45 CFR 46.102(e) and/or (1), and the Insti-
tutional Review Board at the researchers’ institution
does not consider this to be human subject research.
Therefore, further human subjects’ approval was not
necessary for the present study.

Study population

National electronic health records from the TriNetX
Research Network were used for this study, covering the
period from 01/01/2020 to 03/31/2024 in the United
States. TriNetX is a federated, multi-institutional health
research network that provides access to electronic
medical records—including diagnoses, procedures,
medications, laboratory test results, and vital signs—from

TriNetX database Selected population Data manipulation

approximately 250 million patients across 120 healthcare
organizations.”

We initially requested 1.5 million random patients
aged over 18 from TriNetX, and received 1,312,610 pa-
tients as our total sample size. After excluding patients
with (1) missing demographic information (sex, race, or
year of birth), (2) locations outside the United States, (3)
encounter histories only before 07/01/2022, and (4)
history of kidney diseases before the index dates, we
identified 311,364 eligible patients with partially
missing lab test results. To ensure the accuracy of
creatinine values, a critical variable related to kidney
disease, we further excluded patients with missing
creatinine lab test results, resulting in 104,565 eligible
patients for machine learning model training and
testing (Fig. 2a).

Study design and data assessment

In our study, we emulated a prospective cohort design
with a recruitment start date of 07/01/2022 and a follow-
up end date of 03/31/2024, which defined the cohort
follow-up period (Fig. 2b). The first hospital visit (either
inpatient or outpatient) after the study start date was
defined as the index date for each patient. We defined
two prediction windows starting the index date: 1 month
and 1 year. During each prediction window, we assessed
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Fig. 1: Overall machine learning and prediction strategy flow (Example: Incidence of chronic kidney disease in 1 year). The figure illustrates the
overall process: (1) Data acquired from TriNetX datasets; (2) Data manipulated to derive four outcomes: incidence of AKI at 1 month and 1 year,
and CKD at 1 month and 1 year; (3) Missing data imputed; (4) Imbalance addressed through up-sampling and down-sampling; (5) Full model
training and 10-fold cross-validation; (6)Variable selection based on variable importance score; (7) Training and cross-validation of the reduced
model; (8) Final models selected with the best performance; (9) Kidney disease prediction application built to enhance model utility; (10)
Individual patient risk assessed by inputting corresponding values, with high or low risk predictions; (11) Physicians can provide timely sur-
veillance for high-risk patients. Note: CKD: Chronic Kidney Diseases; AKI: Acute Kidney Injury.
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Fig. 2: a. Patient selection flow for eligible patients included in the machine learning models from the TriNetX Research Network. b, Timeline of
cohort construction, index date definition, prediction windows, and covariate assessment period.

two separate kidney outcomes: (1) AKI, identified by
International Classification of Diseases, Tenth Revision,
Clinical Modification (ICD-10-CM) code N17, and (2)
chronic kidney disease (CKD), identified by ICD-10-CM
code N18.

At the index date, we collected demographic variables
including age, sex (male, female), race (White, Black or
African American, Asian, others), and location (Midwest,
Northeast, South, West), which are recorded by TriNetX.
The baseline covariates assessment window was defined
as 1 year prior to the index date, during which we collected
the following: (1) Comorbidities: 29 comorbidities,
defined by ICD-10-CM codes (full list in Supplementary
Note 1); (2) Medications: Histories of 13 medication

uses, defined by RxNorm codes” (full list in
Supplementary Note 2); (3) COVID-19 related covariates:
Including the number of COVID-19 infections (re-
infections), Long COVID diagnoses, and number of
COVID-19 vaccination (identified codes in Supplementary
Note 1); (4) Hospitalization related variables: Including
number of inpatient visits, outpatient visits, and ICU visits
(identified codes in Supplementary Note 1).

Lab test results and vital signs were assessed by
Logical Observation Identifiers Names and Codes
(LOINC), within 13 months before the index date to
capture data from annual health check-ups. We applied
Winsorization methods with 1% and 99% limits to
address extreme values. For patients with only one
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record of a lab test or vital sign, that single value was
used. For patients with multiple records, the mean value
was calculated to mitigate the impact of any extreme
values.”” We initially collected 14 lab test results and 4
vital signs, excluding those with more than 35% missing
data. For our study population, we excluded individuals
with missing creatinine values. To ensure the accuracy
of estimated glomerular filtration rate (eGFR) and
creatinine clearance, we calculated eGFR using the
CKD-EPI 2021 equations* and creatinine clearance us-
ing the Cockcroft-Gault formula,” rather than extracting
these values from datasets. Body mass index (BMI) was
calculated based on height and weight measurements,
and these two variables were replaced by BMI in the
machine learning training. The complete list of lab tests
and vital signs, along with LOINC, units, and missing
data proportions, is provided in Supplementary Note 3.

Data processing

The data from the derivation cohort were randomly
divided, with 70% utilised for training and 30% for
testing. Additionally, one-tenth of the training dataset
was randomly selected for cross-validation. As a result,
the training and validation datasets maintained the
same proportion of positive samples.

Within the training and testing sets, missing data
imputation was performed. There are several methods
for multiple missing data imputation, and each method
may perform differently depending on the dataset. To
select the most suitable imputation method for our
dataset, we simulated a pseudo-dataset and evaluated the
performance of each imputation method using the root
mean square error (RMSE).**”” The pseudo-dataset was
created with two steps: (1) We selected 31,524 patients
from the entire dataset who had no missing values
across all variables; (2) We then randomly assigned
missing values to 5.51% of the Blood Urea Nitrogen
(BUN) and 30.81% of the Creatinine Clearance (CrCl),
mirroring the true missing proportions in the entire
dataset. We compared three different imputation
methods (with five settings), including (1) Predictive
mean matching (PMM)*?; (2) Classification And
Regression Tree (CART)*; (3) XGBoost, with three set-
tings: default settings, specified metrics, or cross-vali-
dation.’’ XGBoost with default settings showed the best
performance, with the lowest RMSE in both the low
missing proportion group (BUN) and the high missing
proportion group (CrCl) (Supplementary Figure S1).
Consequently, XGBoost with default settings was
selected for further missing data imputation in this
study.

The training datasets for the four kidney outcomes
(incidence of AKI in 1 month, AKI in 1 year, CKD in 1
month, and CKD in 1 year) were imbalanced between
the case and non-case groups. To avoid poor perfor-
mance for the minority class (kidney outcomes)
compared to the dominant class (non-cases group), we
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balanced the number of cases and non-cases using both
up-sampling and down-sampling methods for training
datasets. For up-sampling, we applied synthetic minor-
ity over-sampling technique (SMOTE).”” For down-
sampling, we randomly selected patients from the
non-cases group. We did not apply the up and down
sampling to testing datasets.

Model development and testing

A total of 69 variables from the training datasets were
used to develop prediction models for the incidence of
AKI and CKD in 1 month and 1 year, respectively. Eight
machine learning models were employed: adaptive
boosting (AdaBoost), extreme gradient boosting
(XGBoost), neural network (NN), support vector ma-
chine (SVM), decision tree (DT), gradient boosting
machine (GBM), logistic regression (LR), and random
forest (RF). A parameter grid was constructed to train
each model using 10-fold cross-validation with 10 re-
peats. Model tuning was performed through an auto-
matic grid search, testing 10 different values for each
algorithm parameter.” For each model, we used the test
datasets to evaluate performance. The evaluation met-
rics included the area under the receiver operating
characteristic curve (AUROC), sensitivity, specificity,
accuracy, precision, and F1 score.

Feature selection and final model determination
We combined model-driven, data-driven, and clinical-
driven methods to identify appropriate features that
ensure both robust model performance and clinical
relevance: (1) Model-driven methods: Scaled variable
importance (VI) scores, ranging from 0 to 100, were
calculated for each model using the “caret” package in
R.* Higher scores indicated greater contributions of the
variables. (2) Data-driven methods: Spearman correla-
tion was used to examine the relationships between
pairs of variables, with a particular focus on reducing
multicollinearity. When two features were highly
correlated, the one less associated with the outcome was
removed from the dataset.’ (3) Clinical-driven methods:
Clinically meaningful variables related to AKI or CKD
were identified based on prior studies and expert input
from physicians. An example of how we utilised these
three methods to identify feature selection for eGFR and
CrCL is provided in Supplementary Note 4.

Using the feature selection strategy above, we reduced
the prediction models for AKI in 1 month, CKD in 1
month, AKI in 1 year, and CKD in 1 year from 69 to 3
features, based on VI rankings and clinical relevance for
each outcome. The final models with the best predictive
performance during the feature reduction process were
selected separately for further analysis of the four outcomes.
AUROCs were used to assess predictive performance, with
the optimal cutoff value determined by maximizing the
Youden index (sensitivity + specificity — 1).** Features of the
selected machine learning model were gradually reduced
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until a significant decrease in AUROC was observed. The
final reduced models, which maintained relatively good
performance and included a reasonable number of fea-
tures, were chosen to enhance practical applicability for
physicians.

Webpage deployment tool building

With the four final models selected for predicting the
incidence risk of AKI/CKD in 1 month/year, we devel-
oped a web application to enhance the utility in clinical
settings. The application was built using the R Shiny
Web Application Framework® and integrated all four
predictive models. When the values for each required
feature are correctly entered, the application simulta-
neously provides predicted low/high risk assessments
for AKI in 1 month, CKD in 1 month, AKI in 1 year, and
CKD in 1 year.

Statistical and coding statement

Demographics, lab test results, vital signs, comorbid-
ities, medications, COVID-19-related variables, and
hospitalization histories were summarised across the
non-case group, AKI in 1 month, AKI in 1 year, CKD in
1 month, and CKD in 1 year groups. Continuous vari-
ables were presented as mean (SD) values, and cate-
gorical variables were summarised as number and
percentages. The DeLong test was employed to compare
differences between the two AUROCs when necessary.”
Data manipulation was conducted with SAS software
version 9.4 (SAS Institute, Cary, North Carolina), and
machine learning was performed with R software
version 3.6.2 (R Foundation for Statistical Computing,
Vienna, Austria). A two-tailed P value < 0.05 was
considered statistically significant.

Role of funders

The funders of the study had no role in study design,
data collection, data analysis, data interpretation, or
writing of the report.

Results

A total of 104,565 patients were included after applying
the exclusion criteria. Among them, 101,870 (age
(mean, [SD]), 52.6 [17.8]; female (%), 57.4%) patients
had no incidence of kidney outcomes during follow-up,
366 (age, 64.1 [15.2]; female, 43.7%) patients developed
AKI within 1 month, 332 (age, 69.6 [12.7]; female,
46.7%) patients developed CKD within 1 month, 1475
(age, 64.6 [15.3]; female, 46.2%) patients developed AKI
within 1 year, and 1642 (age, 69.1 [13.0]; female, 53.8%)
patients developed CKD within 1 year. Patients with CKD
had the lowest eGFR in both the 1-month prediction
window (mL/min/1.73 m?, mean [SD], 51.8 [20.1]) and
the 1-year prediction window (58.6 [20.3]), compared to
those with AKI in the 1-month prediction window (65.0
[25.5]), the 1-year prediction window (72.2 [23.8]), and the

non-cases group (91.9 [20.9]). 69 variables were extracted
from the EHR, and details of all variable lists and char-
acteristics are provided in Supplementary Table S1.

Eight machine learning algorithms were applied to
the training datasets using all 69 variables for full model
training, separately for AKI and CKD within both the 1-
month and 1-year prediction windows, resulting in a
total of 32 models. The performance metrics for these
models are summarised in Supplementary Table S2.
Assessed with scaled variable importance (VI) scores,
the most important variable for predicting AKI in both
the 1-month and 1-year prediction windows was the
number of inpatient visits in the previous year (VI for 1-
month window, 100; VI for 1-year window, 100), fol-
lowed by eGFR (29.0; 52.8) and BUN (15.6; 33.8). For
CKD in both the 1-month and 1-year prediction win-
dows, the top three variables were eGFR (100; 100),
creatinine clearance (CrCL) (59.8; 35.4), and number of
inpatient visits (45.0; 40.4). In the evaluated subgroups
categorised by variables, besides lab test results and
hospitalization-related variables, the following factors
also demonstrated importance within their respective
categories: BMI, systolic blood pressure, diastolic blood
pressure, hypertension, age, sex, and the number of
COVID-19 infections in the previous year (Fig. 3).

Based on the model-driven, data-driven, and clinical-
driven methods, we reduced the number of variables
(features) from 69 to 3 (with 69, 31, 15, 12, 9, and 3) and
evaluated the ML performance separately for each set.
The list of features and performance for the top 4 ML
models are shown in Fig. 4. We first compared each
model with AUROC and found that models using 9
features maintained or even improved AUROC
compared to those with more than 9 features. Specif-
ically, at 9 features, the XGBoost models showed the
best performance for predicting AKI in 1 year, AKI in 1
month, and CKD in 1 year. The Random Forest model
was the best for predicting CKD in 1 month with 9
features as well. The models with the best AUROC at 9
features were then selected to assess accuracy, F1 score,
sensitivity, and specificity. These models exhibited
promising performance, showing no significant decline
and even outperforming some models with more than 9
features across all evaluated metrics. Therefore, we
selected 9 features for the final models, including 5
patient demographic information (age, sex, BMI, dia-
stolic blood pressure, and systolic blood pressure), 2 lab
test results (eGFR (mL/min/1.73 m?), and BUN (mg/
dL)), and 2 previous 1-year history (number of COVID-
19 infections, and number of inpatient visits).

Overall, the four machine learning models—Ada-
Boost, XGBoost, Neural Network, and Random Forest—
demonstrated strong performance using the 9 selected
features to predict the four outcomes. Model selection
was primarily guided by the AUROC. Additionally, we
sought a balanced performance across other criteria,
including accuracy, F1 score, sensitivity and specificity,
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to determine the final models. XGBoost was selected for
predicting (1) the incidence of AKI in 1-month window,
achieving an AUROC of 0.803 (95% CI: 0.770-0.835),
accuracy of 0.749 (0.728-0.771), F1 score of 0.848
(0.829-0.867), sensitivity of 0.751 (0.732-0.771), and
specificity of 0.775 (0.756-0.793); (2) the incidence of
AKI in 1l-year window, with an AUROC of 0.799
(0.777-0.822), accuracy of 0.740 (0.727-0.760), F1 score
of 0816 (0.798-0.834), sensitivity of 0.746
(0.723-0.769), and specificity of 0.747 (0.724-0.771); (3)
the incidence of CKD in 1-year window, with an
AUROC of 0.894 (0.879-0.910), accuracy of 0.832
(0.815-0.848), F1 score of 0.883 (0.870-0.899), sensi-
tivity of 0.841 (0.821-0.855), and specificity of 0.803
(0.789-0.818). Random Forest was selected for the
incidence of CKD in 1-month window, with an AUROC
of 0.896 (0.864-0.928), accuracy of 0.841 (0.822-0.858),
F1 score of 0.909 (0.881-0.924), sensitivity of 0.842
(0.821-0.864), and specificity of 0.828 (0.803-0.823)
(Fig. 5).

A webpage application, named AIBI APP, was
developed incorporating the final models for predicting
AKI and CKD in 1 month or 1 year, with the aim of
facilitating its utility in clinical settings (Supplementary
Figure S2). Users can obtain prediction results (high/
low risk) by inputting the corresponding values for the 9
selected variables. A reminder note is included: “This
prediction is generated by a machine learning model to
assist your clinical decision-making. It should not replace
your professional judgment in evaluating the patient.”
This note aims to remind healthcare providers that the
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application offers predictive assistance but cannot replace
clinical diagnosis. Access to the application is available at
the following link: https://zackzhang1993.shinyapps.io/
aibi_app/.

Discussion

In this study, we utilised national EHR datasets in the
US with a large sample size, emulating a prospective
cohort design with rigorous cohort definition and vari-
able identification. We applied multiple ML algorithms
to predict the incidence of AKI and CKD in both the
short term (1 month) and long term (1 year) during the
post-COVID-19 pandemic. Our final models demon-
strated strong predictive performance, with an AUROC
exceeding 0.89 for CKD prediction and approximately
0.80 for AKI prediction. Additionally, we developed a
user-friendly web-based application incorporating the
final selected ML models, which include input variables
of age, sex, BMI, diastolic blood pressure, systolic blood
pressure, eGFR, BUN, number of inpatient admissions,
and number of COVID-19 infections, to facilitate real-
world clinical application.

In our study, after evaluating eight different machine
learning models, we selected XGBoost to predict the risk
of AKI in 1 month and 1 year, as well as CKD in 1 year.
Additionally, we selected Random Forest to predict CKD
in 1 month as the final model. Recently, other studies
have also utilised XGBoost,"*” and Random Forest'®** to
predicc CKD and AKI. AdaBoost®* and Neural
Network''® have also been reported to perform well in
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Fig. 4: The area under the receiver operating characteristic curve of four selected ML models with varying number of features, and performance
of the selected model with varying number of features: Incidence of AKI in 1 year, Incidence of AKI in 1 month, Incidence of CKD in 1 year, and
Incidence of CKD in 1 month. List of features: (1) 31: Age, beta-blocker use, Blood Urea Nitrogen (BUN), body mass index (BMI), Cardiac
Arrhythmia, Creatinine Clearance (CrCL), Congestive Heart Failure, diastolic blood pressure, diabetes, diuretic use, estimated Glomerular
Filtration Rate (eGFR), glucose, hypertension, ICU count, inpatient count, insulin use, Long COVID, Location in South, Location in Northeast,
Location in West, outpatient count, proton pump inhibitor (PPI), Fluid and Electrolyte Disorders, Race in Black or African American, Race in
Asian, Race in others, sodium, statin use, systolic blood pressure, COVID-19 counts, and sex. (2) 15: Age, BUN, BMI, Cardiac Arrhythmia, CrCL,
Congestive Heart Failure, diastolic blood pressure, diabetes, eGFR, ICU count, inpatient count, outpatient count, systolic blood pressure COVID-
19 counts, and sex. (3) 12: Age, BUN, BMI, CrCL, diastolic blood pressure, eGFR, ICU count, inpatient count, outpatient count, systolic blood
pressure, COVID-19 counts, and sex. (4) 9: Age, BUN, BM|, diastolic blood pressure, eGFR, inpatient count, systolic blood pressure, COVID-19
counts, and sex. (5) 3: Age, eGFR, inpatient count.
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Fig. 5: Performance of machine learning models with selected 9 covariates in predicting outcomes: Incidence of AKl in 1 year, Incidence of CKD
in 1 year, Incidence of AKI in 1 month, and Incidence of CKD in 1 month.

predicting kidney disease outcomes. Therefore, in this
study, when selecting final models, we specifically
compared XGBoost, Random Forest, AdaBoost, and
Neural Network together, as all have previously demon-
strated effectiveness as ML models for this purpose. In
our results, XGBoost and Random Forest demonstrated
superior performance for different outcomes, which may
be largely attributed to differences in the datasets used,
compared to previous studies. We utilised national EHR
data comprising 104,565 patients selected from a pool of
1,312,610, whereas prior studies primarily relied on
cohort studies with typically only a few hundred patients.
Our study confirmed the feasibility of using large-scale
EHR data and advanced ML models to effectively predict
the risk of kidney diseases.

This study uses the same dataset to predict the
incidence of both AKI and CKD in the short term (1
month) and long term (1 year). Regarding the perfor-
mance of the ML models, we observed that: the pre-
diction of CKD (AUROC in 1 month: 0.896; in 1 year:
0.894) outperformed the prediction of AKI (AUROC in 1
month: 0.803; in 1 year: 0.799). This difference may be
attributed to unmeasured or complex risk factors, as
well as the multifactorial nature of AKI. The risk factors
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for AKI include environmental variables, the process of
care, acute exposures, and patient-specific factors.* In
our study, the prediction models primarily utilised
patient-specific data, such as demographic information
and healthcare visit histories. However, certain envi-
ronmental variables, such as inadequate hydration, air
pollution, or exposure to wastewater, and acute expo-
sures, such as nephrotoxic drugs or unexpected in-
cidents leading to ICU admission, are difficult to
capture with the existing datasets, which likely impacted
the prediction performance for AKI.

This study aims to predict the risk of kidney out-
comes during the post-COVID-19 pandemic, with the
number of COVID-19 infections in the previous year
included in the final models. Multiple published papers
have demonstrated the significant impact of COVID-19
infections on AKI and CKD.*!'>%# Moreover, some
recent studies also highlight the impact of COVID-19
reinfection on multiple symptoms, including kidney
diseases.”* Therefore, we incorporated the number of
COVID-19 infections as a variable in our ML models.

We assessed the necessity of including COVID-19 in
the final model by evaluating the model’s performance
(AUROC) after excluding COVID-19 as a variable.
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Additionally, we tested the final model with the inclu-
sion of Long COVID to determine whether incorpo-
rating Long COVID would improve model performance
(Supplementary Figure S3). We observed a significant
decrease in AUROC when COVID-19 was excluded
from the ML models for predicting AKI in 1 year, CKD
in 1 month, and CKD in 1 year. Although a decrease in
AUROC was also noted for AKI in 1 month, this reduc-
tion was not statistically significant. A probable explana-
tion is that the short-term effects of COVID-19 on AKI
may be accounted for by inpatient hospitalization.**
Moreover, when Long COVID was added to the final
models, the AUROC significantly decreased for all pre-
diction outcomes. This decline can be attributed to
collinearity between COVID-19 infections and Long
COVID (Pearson correlation coefficient = 0.56,
p < 0.001). Another reason for not including Long
COVID in our model is the potential misclassification
bias associated with its diagnosis, as it often presents
with vague symptoms that overlap with other illnesses.***/

We also evaluated the performance of our selected
ML models using testing datasets that included only
patients without a COVID-19 diagnosis in the year prior
to the index date. Compared to the testing datasets of all
eligible patients, the model performance with testing
datasets of non-COVID-19 patients showed a slight
reduction in AUROC, accuracy, sensitivity, specificity,
and F1 scores across all four predicted outcomes
(Supplementary Table S3). However, our models still
demonstrated a high non-misclassification rate (accu-
racy) in each model: 73.7% for AKI in 1 month, 72.8%
for AKI in 1 year, 83.0% for CKD in 1 month, and 82.2%
for CKD in 1 year. Our results indicated that our models
also perform well for individuals without a COVID-19
diagnosis, which is crucial for assessment in the post-
COVID-19 era and provides insights for future
research. At present, with access to data across COVID-
19 periods, we believe it is essential to consider COVID-
19 as a predictor in AKI/CKD models. This aligns with
current research, as COVID-19 has been identified as a
significant risk factor for kidney disease.*"' However, as
COVID-19 cases continue to decline,* its relevance in
future prediction models needs to be re-evaluated.
Based on our findings, we suggest that the decision to
include COVID-19 as a predictor should depend on (1)
whether it remains a significant independent risk factor
in future cohort studies, (2) the extent to which its in-
clusion enhances model performance, and (3) the
availability of reliable COVID-19-related data.

We compared our final selected model to LR models,
and our final models demonstrated significantly better
performance based on AUROC, as assessed by the
Delong test: AKI in 1 month (AUROC: selected
model = 0.803, LR = 0.771, p = 0.025); AKI in 1 year
(AUROC: selected model =0.799, LR = 0.762, p = 0.012);
CKD in 1 month (AUROC: selected model = 0.896,
LR = 0.872, p = 0.040); and CKD in 1 year (AUROC:

selected model = 0.894, LR = 0.841, p < 0.001). Our
findings align with previous systematic reviews
comparing ML models to logistic regression for AKI
prediction. While traditional ML models often yield
similar performance to LR, gradient boosting models
have been shown to outperform LR in terms of AUROC
and other metrics.*

To enhance the utility and applicability of the web-
page application, we balanced maintaining strong per-
formance while limiting the number of required
variables to a reasonable level. This approach makes the
application more accessible and useable in generalised
clinical settings. For our final nine selected variables,
five demographic variables (age, sex, BMI, diastolic
blood pressure, and systolic blood pressure) can be
easily obtained during routine nurse pre-checks. eGFR
and BUN are common blood tests typically included
in standard health check-ups. The remaining two
variables—number of COVID-19 infection and number
of inpatient visits in the previous 1 year—can be
extracted from patient histories or recalled directly by
patients. Given this streamlined approach, we believe
our AIBI app is highly user-friendly and practical for
clinical settings.

Our study has some limitations. First, we acknowl-
edge the potential limitations of the TriNetX dataset in
terms of generalizability and data availability. Our
sample consists of patients who had access to the
healthcare system and were drawn from approximately
120 healthcare organizations across the United States.
Therefore, while our dataset is derived from a national
source, it may not be fully representative of all patients
in the U.S. Additionally, unlike traditional cohort
studies that conduct regular monitoring of kidney
function, our study extracted kidney function data from
laboratory test results recorded in EHR, which may
introduce biases inherent to EHR data. Second, after
data manipulation, the final cohort of eligible patients
for analysis may not fully represent the original TriNetX
dataset. Compared to the overall TriNetX data, these
patients include a higher proportion of females, White
patients, and those from the southern United States
(Supplementary Table S4). Third, comparing to clinical
trial or prospective cohorts, we acknowledge that the use
of EHR data may introduce inherent misclassification
bias related to the identification of comorbidities,
COVID-19 infections (especially mild cases), and the
measurement of CKD and AKI as our prediction out-
comes. Fourth, although ICD-10-CM codes allow for the
identification of CKD severity (e.g., N18.1 for stage one
CKD, N18.2 for stage two CKD), in our dataset, most
CKD cases were coded simply as N18. As a result, it is
unfortunate that we were unable to predict different
stages of kidney disease. Lastly, we used the most recent
data to train and internally test our models to focus on
the post-COVID-19 pandemic period. However, finding
external datasets from this timeframe has been
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challenging. Our next steps will involve training and
validating our application with datasets beyond TriNetX.

Conclusion

In this study, we utilised large national EHR data and
advanced ML models to predict the risks of AKI and
CKD in both the short term and long term during the
post-pandemic period. Our final prediction models
demonstrated strong predictive performance, with
eGFR, number of inpatients, number of COVID-19 in-
fections, and six other variables. Incorporating the
number of COVID-19 infections in the past year showed
improved prediction performance and should be
considered in future models for kidney disease predic-
tion. We developed a user-friendly and practical appli-
cation for clinical settings to assist clinicians in
predicting the risk of kidney disease in individual pa-
tients and providing timely surveillance.
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