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In this observational study, we used data from 59,936 hospitalized adults to construct a model. For 
the models constructed with all 53 variables, all five models achieved acceptable performance with the 
validation cohort, with the extreme gradient boosting (XGBoost) model showing the best predictive 
efficacy and stability (area under the curve (AUC), 0.9301). For the simpler models constructed with 
39 significant variables screened by the random forest recursive feature elimination method, the 
XGBoost model also had the best performance (AUC, 0.9357). All the models showed significant net 
returns according to decision analysis curves, and the XGBoost model achieved the optimal results. 
In addition, the Shapley additive explanation (SHAP) importance matrices revealed that uric acid, 
colloidal solution, first creatinine value on admission, pulse and albumin represented the top five 
most important variables for both modeling strategies. With the external validation cohort based on 
4022 hospitalized patients, the performance of all models declined, among which the Support vector 
machine (SVM) model showed the best predictive efficacy (AUC, 0.8230 and 0.8329), followed by the 
XGBoost model (0.8124 and 0.8316). Thus, our model can predict the occurrence and risk of acute 
kidney injury (AKI) up to 48 h in advance, enabling clinicians to assess the risk of AKI in hospitalized 
patients more accurately and intuitively and to develop necessary AKI management strategies.

Acute kidney injury (AKI) is a complex syndrome that is caused by a variety of factors1–4. AKI is diagnosed using 
SCr measurements and/or urine output, which are considered the gold standards for diagnosing AKI. However, 
the lagging effect of SCr and the inaccuracy of urine volume recordings both limit the efficacy of predicting 
AKI to some extent, and biomarker studies, which have been gradually emphasized in recent years, have been 
limited. To date, only matrix metalloproteinase inhibitor-2 (Timp-2) and recombinant human insulin-like 
growth factor-binding protein-7 (IGFBP7) have been approved by the FDA, and their clinical availability is still 
questionable5–7.

Artificial intelligence (AI) techniques, including machine learning methods, have been used to develop risk 
prediction models, and AI techniques have several advantages, especially when dealing with large-scale data 
from electronic health records. Since AKI events can be determined through mathematical calculations based 
on SCr levels, the development of AKI risk prediction models based on AI techniques is promising. Some studies 
have reported algorithms developed on the basis of electronic health records, and prior findings have confirmed 
that these algorithmic models can predict AKI earlier than the SCr model can8–10. In particular, the results of 
Tomasev et al.‘s11 team have advanced the current understanding in this field.

In this study, we aimed to use machine learning algorithms to construct an interpretable real-time AKI 
prediction model based on large-sample data and AI technology that can be used for hospitalized patients in 
various wards in Chinese general hospitals, such as our hospital, so that clinicians can more accurately and 
intuitively assess the risk of AKI for hospitalized patients and develop necessary management strategies.
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Results
A total of 59,936 patients hospitalized at the First Medical Center of PLA General Hospital were included in 
the modeling study, with 29,968 patients in the AKI group and 29,968 patients in the non-AKI group. A total 
of 4,022 hospitalized patients at the Fifth Medical Center of the PLA General Hospital were included in an 
external validation cohort, including 854 AKI patients and 3,168 non-AKI patients. In both databases, there 
were significant differences between patients in the AKI group and those in the non-AKI group (Table S1 and 
Fig. S1).

Screening for significant variables
The Pearson’s correlations for different characteristics revealed strong correlations among the five groups 
for nine variables among the 58 preselected variables: prothrombin activity versus prothrombin time versus 
international normalized ratio, percentage of lymphocytes versus percentage of neutrophils, total versus direct 
bilirubin, hemoglobin, and erythrocyte pressure volume (Fig. 1a). The variables retained after variables with 
lower correlation variables were excluded included the international normalized ratio, percentage of neutrophils, 
hemoglobin and direct bilirubin. In addition, the best diagnostic accuracy in the cross-validation test was 
achieved with a model using 39 features based on RF-RFE (Fig.  1b). The 39 significant variables that were 
identified included 20 laboratory test variables (CRP, D-dimer, UA, SCr, Alb, Hb, LDH, ALT, DBil, WBC, AST, 
Fib, TT, ALP, NA, K, INR, NE, PLT, and CK), 8 therapeutic medication variables (colloidal solutions, vasoactive 
drugs, immunosuppressants, glucocorticoids, nonsteroidal anti-inflammatory drugs, proton pump inhibitors, 
diuretics, and statins), 4 vital sign variables (systolic blood pressure, temperature, diastolic blood pressure, and 
pulse rate), 2 baseline characteristic variables (age and mode of admission), 4 special investigation or treatment 
variables (enhanced CT examination, mechanical ventilation, coronary angiography, and angioembolization), 
and 1 underlying disease variable (tumor).

Evaluation of model performance
Among the models built using all 53 variables or 39 significant variables, the best predictive efficacy and stability 
in the internal validation were achieved by the XGBoost model, with area under the curve (AUC) values of 
0.9301 and 0.9357, respectively. The SVM model showed the best predictive efficacy with AUC values of 0.8230 
and 0.8329 in the external validation, followed by the XGBoost model with AUC values of 0.8124 and 0.8316, 
respectively. Compared with the former modeling strategy, none of the latter models constructed with the 39 
variables showed significant changes in performance, with fluctuating AUC values ranging from 0.0018 to 
0.0083 in the internal validation and from − 0.0076 to 0.0244 in the external validation (Table 1). Figure 2 and 
S2 show the receiver operating characteristic (ROC) curves and confusion plots for multiple odels based on the 
two modeling strategies with the internal and external validation groups.

In terms of calibration, the Brier scores of all the models with the internal and external validation groups 
were close to 0.2, with the lowest Brier scores for the XGBoost model model (Table 2). Furthermore, Fig. 3 
shows the calibration curves of multiple forecasting models obtained in the validation study. With the internal 
validation group, the deviations in the model calibration curves were all below the reference line (diagonal), 
indicating that these models underestimated or overestimated lower AKI risks, whereas the models were slightly 
less effective when tested with the external validation group.

The decision analysis curve (DCA) shows that increasing threshold probabilities and decreasing net gains 
were observed for all models; however, all the models still achieved significant net gains compared with the 
hypothetical all-treated and no-treatment models with wide risk thresholds, with the net gains ranging from 

Fig. 1.  (a) Plot of Pearson’s correlations for different characteristics. (b) Visualization of optimal model 
variable combination quantity based on RF-RFE.
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approximately 5–90%. For both types of modeling strategies, the net gains of the four models followed the same 
order, and all of the XGBoost models yielded acceptable results (Fig. 4).

Model interpretation
In an internal validation study based on data collected at the First Medical Center, the SHAP importance matrix 
results revealed that uric acid, colloidal solution, first creatinine value on admission, pulse and albumin were 
the top five most important variables for both modeling strategies (Fig. 5). The SHAP summary plot revealed 
that the risk of AKI occurrence for hospitalized patients changed as the variable values changed, whereas the 
predictive trends of the variables for AKI events were consistent for both modeling strategies (Fig.  6). The 
SHAP dependency plots revealed the correlations between changes in the normalized values of the top ten most 
important variables and AKI occurrence (Fig. S3).

Discussion
In this study, we constructed a robust AKI prediction model for hospitalized patients based on multiple machine 
learning algorithms that can accurately predict the occurrence of AKI up to 48 h in advance. This model was 
constructed on the basis of 39 important variables, which were selected to balance the minimum number of 
features with the best performance according to a multidimensional performance evaluation. Moreover, in 
internal and external validation studies, the XGBoost model and the RF model obtained the best performance 
metrics in terms of discrimination, calibration, and clinical utility.

Overall, this study has several advantages over previous research. First, our prediction model was developed 
on the basis of various patient data and is applicable to almost all hospitalized patients except those with 
emergency admissions. Moreover, this model may be compatible in different scenarios, including for various 
disease characteristics, levels of care, patient demographic characteristics, and AKI severity levels.

Second, in some previous studies, open-source data such as the Medical Information Mart for Intensive 
Care (MIMIC-III/IV) and Amsterdam UMC databases were used for analysis and model development. These 
databases mainly include ICU case information, and such data have advantages such as being open, integrated, 
and information rich12–15. However, considering model generalizability, ethnographic factors, and the national 
context of developing countries, we did not utilize such data in the present study. We included Chinese 
patients because this choice was consistent with one of the objectives of our study, which were to analyze the 
characteristics of AKI onset in the Chinese population, accurately identify the risk factors for the deterioration 
of various conditions for hospitalized patients, and establish a modeling approach applicable to the Chinese 
population while reducing the number of relevant interfering factors.

Third, in this study, we utilized both static and dynamic variable modeling to consider the time-invariant 
features of patient susceptibility while also incorporating the effects of time-varying features such as laboratory 
test results and acute exposures. Laboratory test results such as routine blood counts and blood biochemistry 
are real-time and objective reflections of patient pathophysiological status, whereas acute exposures such as 
surgery and the postadmission use of nephrotoxic medication represent the impact of immediate diagnostic 
and therapeutic interventions. This approach differs from the methodology used in most previous studies. For 
example, in the coronary arteriography-associated AKI prediction model developed by Mehran et al.16, the 
included variables were determined on the basis of underlying conditions such as hypertension, heart failure, 
age, anemia, and diabetes mellitus. Kheterpal et al.17 also used a large number of susceptibility variables, such 
as CKD, ascites, heart failure, and age, in their study of risk indices for AKI after general surgery. However, the 
idea that the inclusion of prehospital susceptibility factors improves the predictive performance of the model is 
currently being questioned by other researchers, such as Cheng et al.18, who concluded in 2018 that the addition 
of prehospital data did not improve model predictions for AKI in the general population of hospitalized patients; 

Model

The first medical center of the PLA general hospital The fifth medical center of the PLA general hospital

AUC Accuracy Sensitivity Specificity F1 MCC AUC Accuracy Sensitivity Specificity F1 MCC

Performance based on all variables

 Decision tree (DT) 0.8157 0.7911 0.7934 0.7804 0.7923 0.5811 0.7533 0.7545 0.6902 0.6945 0.5773 0.3604

 Random forest (RF) 0.9115 0.8485 0.8591 0.8690 0.8678 0.7335 0.7901 0.7985 0.7018 0.6982 0.6963 0.5344

 Logistic regression (LR) 0.8603 0.8220 0.7952 0.8275 0.8094 0.6246 0.8034 0.7649 0.6715 0.8475 0.6606 0.6115

 Support vector machine (SVM) 0.9029 0.8631 0.8830 0.8581 0.8725 0.7467 0.8230 0.7615 0.8356 0.4848 0.7490 0.6668

 Extreme gradient boosting (XGBoost) 0.9301 0.8742 0.8710 0.8788 0.8756 0.7542 0.8124 0.7706 0.7264 0.5713 0.7046 0.7389

Performance based on important variables

 Decision tree (DT) 0.8240 0.7967 0.7942 0.7886 0.7927 0.5829 0.7777 0.7515 0.6934 0.6985 0.3739 0.3634

 Random forest (RF) 0.9143 0.8599 0.8661 0.8707 0.8694 0.7347 0.7932 0.7749 0.7112 0.6650 0.4841 0.6150

 Logistic regression (LR) 0.8621 0.8024 0.7939 0.8276 0.8100 0.6123 0.7958 0.7482 0.6972 0.8110 0.4578 0.6912

 Support vector machine (SVM) 0.9051 0.8633 0.8768 0.8637 0.8736 0.7426 0.8329 0.7654 0.6812 0.6569 0.4659 0.6866

 Extreme gradient boosting (XGBoost) 0.9357 0.8683 0.8611 0.8777 0.8716 0.7455 0.8316 0.7886 0.7210 0.7112 0.4574 0.6811

Table 1.  Evaluation of model performance. The model constructed based on all variables includes all 53 
variables.  The model constructed based on important variables includes 39 variables selected through random 
forest recursive feature elimination method. AUC area under the curve, MCC  Mathews correlation coefficient.

 

Scientific Reports |         (2025) 15:9313 3| https://doi.org/10.1038/s41598-025-90459-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


this result may have been due to model overfitting of time-varying clinical variables relative to static variables 
such as demographic factors, admission diagnosis, and comorbidities. To address this issue, although we did 
not conduct additional controlled tests to determine the effect of the presence or absence of prehospital data 
on the performance of the prediction model, we performed interpretative analyses and compared the variable 
importance weights using SHAP values. The results suggested that comorbid tumors and sex contributed more 
to model predictions than other variables and that these contributions were even more prominent than those 
of dynamic indicators such as certain laboratory test values. The findings also suggested that the model could 
not predict AKI among general hospitalized patients. Therefore, it is reasonable to suggest that the inclusion of 
time-invariant static variables was meaningful in our research.

Fourth, in this study, we collected conventional and easily available variable data in the form of time windows 
to form a package of “point” events, which were input into the model to calculate specific prediction values, 
and visualized binary results (“yes” or “no”) were output according to the threshold settings to obtain real-time 
predictions of AKI events and help monitor and manage AKI by providing risk score trajectories and dynamic 

Fig. 2.  The receiver operating characteristic (ROC) curves of different models. (a) Models constructed using 
all variables in the internal validation cohort based on data collected at the First Medical Center of PLA 
General Hospital; (b) models constructed using important variables on the basis of the internal validation 
cohort based on data collected at the First Medical Center of PLA General Hospital; (c) models constructed 
using all variables in the external validation cohort based on data collected at the Fifth Medical Center of PLA 
General Hospital; (b) models constructed using important variables in the external validation cohort based on 
data collected at the Fifth Medical Center of PLA General Hospital.
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trends, which are also essential for model development. In most previous studies, predictions were obtained at 
specific times, such as 24–48 h after admission, or after medical interventions, whereas the processes involved in 
hospitalization are continuous, and AKI can occur at any time. One study revealed that 39.4% of AKIs occurred 
5 days after admission and that 15.7% of AKIs occurred 10 days after admission. This issue has been reported 

Fig. 3.  Calibration curves of different models. (a) Models constructed using all variables in the internal 
validation cohort based on data collected at the First Medical Center of PLA General Hospital; (b) models 
constructed using important variables in the internal validation cohort based on data collected at the First 
Medical Center of PLA General Hospital; (c) models constructed using all variables in the external validation 
cohort based on data collected at the Fifth Medical Center of PLA General Hospital; (b) models constructed 
using important variables in the external validation cohort based on data collected at the Fifth Medical Center 
of PLA General Hospital.

 

Model

The first medical center of the 
PLA general hospital

The fifth medical center of the 
PLA general hospital

Model 1 (n = 53) Model 2 (n = 39) Model 1 (n = 53) Model 2 (n = 39)

Decision tree (DT) 0.1562 0.1583 0.2445 0.2415

Random forest (RF) 0.1124 0.1101 0.2088 0.2130

Logistic regression (LR) 0.1332 0.1378 0.1688 0.1769

Support vector machine (SVM) 0.0940 0.0924 0.2281 0.2230

Extreme gradient boosting (XGBoost) 0.0894 0.0919 0.1647 0.1510

Table 2.  Comparison of Brier scores for models. Model 1 refers to a model constructed by all 53 variables, 
model 2 refers to a model constructed by 39 important variables selected through random forest recursive 
feature elimination method.
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elsewhere, such as by He et al.19, who proposed a framework for predicting the daily risk of AKI on the basis 
of a 24-hour interval, but we note that that study differs from the present work in terms of the prediction time. 
Moreover, the model assessment by He et al.19 was separate, i.e., separate AUC values were produced for the 
first day and the second day after admission, and the model lacks a comprehensive rating index to support the 
comparative analyses performed in similar studies. Another study was conducted by Chiofolo et al.20, who used 
the RF algorithm for real-time AKI risk scoring, obtaining an AUC value of 0.88 for predicting AKI events 6 h 
in advance based on the validation cohort. However, this approach had several limitations; for example, only 
patients of one ethnicity (Caucasian) were included in the analysis, limiting model generalizability; moreover, 
to set the gold standard, an AUC value of 0.88 was used, which was determined based on the validation cohort. 
Additionally, an AKI detection tool was developed in one study but not tested with humans, resulting in biased 

Fig. 4.  Decision analysis curves of different models. (a) Models constructed using all variables in the internal 
validation cohort based on data collected at the First Medical Center of PLA General Hospital; (b) models 
constructed using important variables in the internal validation cohort based on data collected at the First 
Medical Center of PLA General Hospital; (c) models constructed using all variables in the external validation 
cohort based on data collected at the Fifth Medical Center of PLA General Hospital; (b) models constructed 
using important variables in the external validation cohort based on data collected at the Fifth Medical Center 
of PLA General Hospital.

 

Scientific Reports |         (2025) 15:9313 6| https://doi.org/10.1038/s41598-025-90459-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 6.  SHAP summary plots. (a) Models constructed using all variables in the internal validation cohort based 
on data collected at the First Medical Center of PLA General Hospital; (b) models constructed using important 
variables in the internal validation cohort based on data collected at the First Medical Center of PLA General 
Hospital.

 

Fig. 5.  SHAP importance matrix plots. (a) Models constructed using all variables in the internal validation 
cohort based on data collected at the First Medical Center of PLA General Hospital; (b) models constructed 
using important variables in the internal validation cohort based on data collected at the First Medical Center 
of PLA General Hospital.
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predictions21. The results of this study were not as favorable as those of Tomasev et al.11. While Tomasev et al.‘s 
recurrent neural network model demonstrated high discriminatory power for real-time AKI prediction, which 
provides considerable insight for parallel studies, the sex of the patients in the dataset was imbalanced (6% 
female), and the complex data processing process somewhat limits its external validation.

Fifth, in this study, we chose five algorithms for modeling, and the results showed that even the RF algorithm, 
which was the lowest ranked algorithm in terms of performance, had an AUC value of more than 0.8368. Similarly, 
the AUC value of the traditional logistic regression model was more than 0.86 on the basis of 750,000 cases with 
200 million data points in a study by Tomasev et al.11 We agree with Tomasev et al.11 that “data may be more 
important than algorithms”, and the differences in model performance may be due to the structure of the data, 
the amount of data, the characteristics of the variables and the adaptability of the algorithms, e.g., deep neural 
networks are more suitable with nontabular data (images, audio, text)22. However, XGBoost performs better with 
tabular data23. In previous studies, one algorithm was often used for modeling and analysis, which is effective 
in reducing the computational workload; however, with this approach, the advantages of other algorithms in 
information mining and data learning may be neglected. In this study, we used five machine learning algorithms 
and considered various evaluation metrics to compare the effectiveness of different model parameters and 
selected the algorithm that achieved the best prediction effect and stability to construct the prediction model. 
The results suggest that the XGBoost model has the best prediction accuracy and efficiency, which is consistent 
with the results of several previous studies, possibly because this algorithm is more adaptable to the combination 
of categorical and continuous variables in the dataset24. Additionally, it is worth noting that in the external 
validation cohort, the model did not demonstrate high performance consistent with the internal validation 
cohort. This may be related to the characteristics of this population, as the diagnosis of tumors, infections, 
and hematological diseases is predominant in this group. However, infection related variables represented by 
antibiotic orders did not show high predictive importance during the modeling process. Therefore, for the 
external validation cohort, some important information was inevitably wasted.

Sixth, we introduced the DCA curve to evaluate the clinical practicability of the model. This method has 
been widely adopted in recent research and is considered to have high practicality for model evaluation25,26.
The results show that within the threshold range of 5–90% of the model can be set, after the model outputs the 
results, appropriate clinical measures, including timely and effective intervention or continued observation, can 
produce significant clinical benefits for patients with predicted AKI or non-AKI. This means that our model 
is helpful in the clinical treatment process, and the support for clinical decision is scientific. In addition, we 
used propensity matching in our modeling to address the issue of imbalanced positive and negative samples 
in the data. The external validation data is real data, and the model results can also demonstrate our model’s 
generalization ability, stability, or robustness.

Limitations of this study
This study had several limitations. First, in this study cohort, some patients did not have their baseline SCr levels 
measured, and standard creatinine values were used as a substitute. In fact, owing to preadmission renal injury, 
the admission SCr value may have been pathologically elevated; therefore, the use of the standard creatinine 
value as a baseline reference means that the actual incidence of AKI may have been underestimated. Second, a 
history of previous AKI was not included in the comorbidity variables; some studies have shown that a history 
of AKI may be associated with the recurrence of AKI. Third, urine volume criteria were not adopted in the 
diagnosis of AKI. Although some studies have shown that the addition of urine volume criteria improves the rate 
of AKI diagnosis while reducing diagnostic delays, it is difficult to monitor the urine volume in clinical practice 
except in the monitoring room. Fourth, for the external validation, only data from one medical center were 
included, which may have resulted in insufficient data to study the applicability and generalizability of the model. 
Furthermore, the volume of urine is affected by the amount of fluid infused and the use of diuretics, which may 
interfere with diagnoses for patients who already had oliguria but exhibited elevated SCr levels.

Conclusion
In this study, we developed an AKI prediction model by using machine learning algorithms considering many 
variables, including demographic data, laboratory test results, previous comorbidities, special medical orders 
and invasive operations, such as surgery. This model is applicable to a wide range of patients, is interpretable, 
has better predictive efficacy than previous models, and is capable of predicting the occurrence and risk of AKI 
up to 48 h earlier than when only SCr levels are used. In the future, more prediction models will be developed 
in the context of smart health care, and the use of AI technology will provide more opportunities for updating 
decision-making models in medical contexts. In the future, we will continue to optimize the parameters of the 
prediction model and focus on promoting its applicability, especially in areas that are underdeveloped in terms 
of medical technology, to provide greater technical support and thereby improve the AKI prognosis for the target 
population of patients. Additionally, we will actively explore and expand new applications of AI technology and 
machine learning algorithms in AKI management.

Methods
Study population
We screened selected patients admitted to the First Medical Center of the Chinese People’s Liberation Army 
(PLA) General Hospital between January 1, 2011, and December 31, 2019. In this retrospective study, some 
patients admitted to the Fifth Medical Center of the PLA General Hospital during the same period were 
screened for inclusion in the external validation study. The inclusion criteria were as follows: (i) age > 18 
years; (ii) hospitalization time > 48  h; (iii) complete case data with < 10% missing information; and iv) ≥ 2 
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blood creatinine measurements during hospitalization. The exclusion criteria were as follows: (i) creatinine 
value > 353.5 µmol/L measured for the first time after admission (to prevent inclusion of patients with impaired 
renal function at baseline); (ii) patients who were diagnosed with AKI prior to hospital admission (admission 
diagnosis or outpatient diagnosis of AKI); and (iii) patients with maintenance HD, peritoneal dialysis, or renal 
transplantation.

The study protocol was approved by the institutional review board of the General Hospital of the People’s 
Liberation Army (PLA) (No. S2022-260-01). Informed consent was waived because data analyses were 
performed retrospectively using anonymized data from the General Hospital of the People’s Liberation Army 
(PLA) database. All procedures in this study were performed in accordance with the Declaration of Helsinki.

Data collection
We relied on the Big Data Center of the PLA General Hospital for data extraction, and the extracted predictor 
variables were selected on the basis of previously published literature and clinical experience and reviewed by a 
group of clinicians and data engineers to narrow the dimensions of the available variables, determine the validity 
of the variables and assess the reliability of the collected data. The data included baseline patient information, 
underlying conditions prior to hospital admission, comorbidities, vital signs, laboratory test data, medication 
orders, and other specific interventions (Table S2), and the data were automatically calibrated in the system on 
the basis of the collection time.

Definition of AKI
AKI was defined according to the 2020 KDIGO Clinical Practice Guidelines as follows: blood creatinine ≥ 26.5 
µmol/L (0.3 mg/dl) within 48 h, blood creatinine ≥ 1.5 times the basal level within 7 d, or urine output < 0.5 
mL/kg/h for 6 h27. Since the majority of cases in this study could not be traced back to valid prehospital data 
to determine the baseline creatinine value, AKI was defined by utilizing the expanded AKI judgment criteria 
adopted in previous studies28. To define AKI, the blood creatinine values of hospitalized patients were sorted 
chronologically, and the time point of any blood creatinine test for the patient was set as t. The mean value 
of the blood creatinine in the week before the time point was used as the baseline creatinine value, and any 
creatinine value in the week after t was compared with the selected baseline creatinine value. The earliest date on 
which the change in the SCr value met the KDIGO criteria was defined as the date of AKI onset. Urine volume 
measurements were excluded from this study because of their uncertainty.

Variable preprocessing
Pearson’s correlation test between variables was performed to initially screen and eliminate variables that were 
highly correlated with each other and much less correlated with the predicted outcomes29. The continuous 
variables in the database were subsequently standardized, i.e., extreme values outside the 1–99 percentile were 
removed to exclude the interference of extreme values due to entry errors, and then the data were normalized 
to form a new assignment cohort with statistics close to the standard normal distribution30. Similarly, the 
categorical variables were converted into binary variables on the basis of domain knowledge, i.e., “yes” or “no”.

We eliminate variables and samples with a missing rate of more than 20% and use the random Forest chain 
equation (MissForest) interpolation method to fill in the missing values. MissForest makes use of the nonlinear 
fitting ability of random forest algorithm and the advantages of ensemble learning, and iteratively trains the 
model to predict and fill in missing data to maintain data integrity and availability.

Model training
In the process of modeling based on the database collected from patients at the First Medical Center of the PLA 
General Hospital, we used a downsampling method to randomly select some patients from the non-AKI group 
so that the ratios of both samples to the number of cases were maintained at 1:1. Since we had already limited 
the missing rate of the extracted data to be no more than 10%, substantial information was not missing for 
any patient, and we prevented effects due to randomness and data representativeness through various types of 
padding.

The downsampled processed data were randomly divided into a training group (70%) and a validation group 
(30%), and the baseline characteristics of the two groups were compared. For the modeling analysis, we fixed the 
time window for data collection, setting the upper and lower thresholds of the window as the day of admission 
and two days before the occurrence of AKI, respectively; such data included all static variables and all real-
time dynamic data including in the modeling process. The values of the repeated-measures dynamic variables 
within this time window were adopted as the highest or lowest, and the static variables were converted to binary 
variables, i.e., “yes (1)” or “no (0)”. For model validation, to illustrate the changes in longitudinal data over time 
and to evaluate the prediction capability of the model, we introduced a discrete-time analysis model, i.e., we 
set 12 h as the time frame, considered the variables in the previous time frame and dynamically updated and 
added the latest variable information to predict the likelihood of the occurrence of AKI in the next 48 h (four 
time windows). This approach allowed analysis models to be created using binary classifiers, and missing values 
for predictor variables such as vital signs or laboratory indicators within the time frame were filled in using a 
carry-over interpolation approach, i.e., using the most recently available measurements within the previous time 
frame (Fig. S1).

Five machine learning methods were used to build models, and the training group was further randomly 
divided into ten equal-sized groups for tenfold cross-validation, which reduced overfitting to a certain extent, 
allowed as much valid information as possible to be obtained from the limited data, and provided a more 
stable and reliable method for evaluating the model’s performance during the model development process31. In 
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addition, the recursive feature elimination in random forests (RF-RFE) method was used to identify important 
variables; these variables and the best algorithm were then used to build the final model.

Model performance evaluation and interpretation
As recommended by the TRIPOD Statement of Methodological Guidelines for Clinical Predictive Modeling32, 
the evaluation and validation of predictive models require simultaneous reporting of model discrimination, 
calibration, and clinical utility metrics to assess all three aspects of predictive modeling on the basis of the 
combined dependent and independent variables. To evaluate model discriminability, the area under the curve 
(AUC), sensitivity, specificity, accuracy, F1 score and Mathews correlation coefficient (MCC) were employed; 
to evaluate model calibration, calibration curves and Brier scores were used; and to evaluate clinical utility; 
decision curve analysis (DCA) was used.

In this study, we constructed SHAP importance matrices to visualize the importance of each predictor 
variable in the prediction model, SHAP summary plots to show the impact of changes in the values of each 
variable on the overall model prediction results, and SHAP dependency plots to represent the impact of changes 
in the values of individual variables on the prediction results33,34.

Data availability
The data that support the findings of this study are available from HMedical Innovation Research Division, 
Chinese PLA General Hospital, but restrictions apply to the availability of these data, which were used under 
license for the current study, and so are not publicly available. Data are however available from the correspond-
ing author (Zhe Feng) upon reasonable request and with permission of Medical Innovation Research Division.
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