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Introduction: Renal dysfunction is common in critically ill children and increases morbidity and mortality risk. Diagnosis and management of renal dysfunction relies on creatinine, a delayed marker of renal injury. We aimed to develop and validate a machine learning model using routinely collected clinical data to predict 24-hour creatinine change in critically ill children before change is observed clinically.



Methods: Retrospective cohort study of 39,932 pediatric intensive care unit encounters in a national multicenter database from 2007 to 2022. A neural network was trained to predict <50% or ≥50% creatinine change in the next 24 h. Admission demographics, routinely measured vital signs, laboratory tests, and medication use variables were used as predictors for the model. Data set was randomly split at the encounter level into model development (80%) and test (20%) sets. Performance and clinical relevance was assessed in the test set by accuracy of prediction classification and confusion matrix metrics.



Results: The cohort had a male predominance (53.8%), median age of 8.0 years (IQR 1.9−14.6), 21.0% incidence of acute kidney injury, and 2.3% mortality. The overall accuracy of the model for predicting change of <50% or ≥50% was 68.1% (95% CI 67.6%−68.7%). The accuracy of classification improved substantially with higher creatinine values from 29.9% (CI 28.9%−31.0%) in pairs with an admission creatinine <0.3 mg/dl to 90.0–96.3% in pairs with an admission creatinine of ≥0.6 mg/dl. The model had a negative predictive value of 97.2% and a positive predictive value of 7.1%. The number needed to evaluate to detect one true change ≥50% was 14.



Discussion: 24-hour creatinine change consistent with acute kidney injury can be predicted using routine clinical data in a machine learning model, indicating risk of significant renal dysfunction before it is measured clinically. Positive predictive performance is limited by clinical reliance on creatinine.



KEYWORDS
acute kidney injury, creatinine, pediatric intensive care unit, machine learning, neural network model





Introduction

Approximately one quarter of children admitted to a pediatric intensive care unit (PICU) will develop acute kidney injury (AKI) during the course of their illness (1). Renal dysfunction can cause fluid overload, electrolyte derangements, altered drug metabolism, and uremia. It is associated with higher risk of mortality and morbidity, prolonged PICU and hospitalization stays, and longer duration of mechanical ventilation (1–4). Children diagnosed with AKI are at higher risk for chronic kidney disease (CKD), hypertension, and cardiovascular disease (5–7). Current diagnosis and management of AKI relies on creatinine as the primary indicator of renal function, yet creatinine is a delayed marker of renal injury (8). It can take 24 h or more from an initial insult for creatinine to significantly rise depending on the extent of renal injury, metabolic rate, degree of fluid overload, and underlying pathology such as shock, infection, or toxin exposure (9–12). Measurement is also limited by the accuracy of creatinine laboratory tests, which depending on the assay used may have as much as 20% error at normal adult creatinine values and up to 50% error at lower values (13–16). This is particularly noteworthy in infants who may have a baseline creatinine of 0.3–0.4 mg/dl; Kidney Disease Improving Global Outcomes (KDIGO) Stage 1 AKI (a 50% increase in serum creatinine) may be within the laboratory margin of error for this population (8, 17). Several novel biomarkers of renal injury have been described, but their use has so far been limited by low specificity for AKI, variable performance in different etiologies of AKI, and limited adoption in clinical practice (18).

Accurate prediction of renal dysfunction could benefit at-risk patients. Earlier recognition of risk of renal dysfunction prior to creatinine change could prompt treatment strategies to reduce the risk of ongoing renal injury and to prevent adverse clinical consequences by limiting nephrotoxic medication exposure, avoiding electrolyte derangements, and adjusting fluid management. It could also reduce time to initiation of renal replacement therapy (RRT), which has been associated with improved outcomes (19). However, the same factors that make renal dysfunction challenging to diagnose in real time also contribute to the difficulty predicting its development and clinical course. Previous pediatric efforts to predict renal dysfunction using traditional statistical methods have been limited by relatively small sample size, reliance on expert consensus for selection of variables, prediction only at time of admission, and variable performance of the prediction models (20–22). There is growing interest in using big data with machine learning techniques to predict risk of renal dysfunction in critically ill children (23–25). We aimed to develop and validate a clinically relevant machine learning model using routinely collected clinical data from a large, multi-center database to predict 24-hour creatinine change in critically ill children during their acute illness. Primary outcome was creatinine change of ≥50%, consistent with KDIGO Stage 1 AKI (8).



Methods

This study was approved by the Children's National Hospital Institutional Review Board with requirement for informed consent waived. Transparent reporting of a multivariable prediction model for individual prognosis or diagnosis (TRIPOD) guidelines were followed (26).


Database

Data were collected from Real-World Data™ (RWD) (Oracle Corporation, Austin, TX), a national, de-identified database of US hospital admissions. Hospitals do not have to use Cerner EHR to contribute data to RWD. Available data includes demographic information, admission information (location, hospital unit), clinical variables (vital signs, respiratory support, and diagnostic codes), laboratory values, medications administration records, and hospital outcome. All data are time- and date-stamped.

All pediatric encounters (age >1 month to ≤18 years) with an inpatient intensive care unit (ICU) designation were extracted from 2007 to 2022. If repeated ICU admissions occurred within one hospital admission, up to 4 ICU admissions were included (Appendix Table 1). Primary inclusion criteria were a creatinine measured within 24 h of ICU admission (admission creatinine), and at least 2 creatinine values measured within 24 ± 6 h of each other during the ICU admission. Encounters were excluded if ICU length of stay was <6 h, if there were associated diagnostic codes for CKD, congenital renal anomalies, dialysis dependence, or renal transplant, less than 2 records of vital signs, or if there were absent urine output (UOP), weight, or temperature records (Figure 1). Diagnostic codes for CKD, renal anomalies, dialysis dependence, and renal transplant are shown in Appendix Table 6. Other database details are given in Appendices A–E.
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FIGURE 1
CONSORT diagram of encounter selection. aintensive care unit; bneonatal intensive care unit; cpediatric intensive care unit; dcreatinine; echronic kidney disease; furine output.




Variables

Demographic and descriptive variables included age, sex, date and time of admission, length of stay, diagnostic codes, and hospital discharge outcome. Clinical event variables included vital signs, respiratory support (fraction inhaled oxygen, positive end-expiratory pressure, peak inspiratory pressure, tidal volume), and urine output. Urine output was expressed as ml/kg/hr computed over 12-hour periods. Laboratory variables included time, date, and result of 43 routinely measured chemistries, blood gases, and hematologic variables (Appendix Table 2). Drug levels were included for gentamicin and vancomycin. Medications included fluids, vasoactives, diuretics, and nephrotoxic medications and were included based on known associations with renal function (27–29). Medications were included as binary variables (received, not received). Missing data was imputed with physiologic normal data until a measurement was recorded (Appendix Tables 3, 4). Variables recorded in less than 500 encounters were excluded. International Classification of Diseases (ICD) −9 and −10 codes were categorized into the following: cardiovascular disease, infection, malignancy, neurologic disease, respiratory disease, trauma/ingestion, other, and not specified, based on respective ICD classifications (30, 31). AKI was defined by KDIGO criteria (8). Detailed descriptions of all variables are given in Appendices B–E.



Outcome

The primary outcome was a binary prediction of <50% or ≥50% increase in creatinine in the subsequent 24 ± 6 h. The classification threshold of ≥50% was selected to focus on creatinine change meeting AKI criteria (8). This outcome was evaluated for all creatinine pairs occurring in days 1–5 of ICU admission in order to capture changes in renal function in the acute illness phase.



Model development and performance

Inclusion criteria for data points were that creatinine values had to occur in pairs, with the second value measured 24 ± 6 h after the first. The admission creatinine could serve as the first creatinine of a pair. The second creatinine of a pair could also serve as the first creatinine value for a subsequent pair. All model variables that occurred in the 48 h preceding the first creatinine of a pair were included. These 48 h were divided into 4 12-hour time periods. If there was no recorded value for a variable, the last known result was imputed. The maximum, minimum, average, range, and number of measurements for each variable in each 12-hour period were included. The maximum and minimum value of each variable from the entire admission period preceding the first creatinine of the pair were also included, regardless of when they occurred. If two variables were highly correlated (Pearson correlation value ≥0.9 or ≤−0.9), the most reliable, earliest occurring, directly measured variable was kept and the other removed (see Appendix F).

The data set (141,658 creatinine pairs) was divided randomly into 64% training set, 16% validation set and 20% test set. Random selection was done at the patient level. The training set was used for model development while the validation set was used to avoid overfitting or underfitting during model training. The test sample was used to evaluate model performance. The final model was the result of sequential experimentation using fully connected neural networks. The data were weighted such that positive outcome pairs (≥ 50% increase in creatinine) were weighted 23.6 × the negative outcome pairs. Model parameters used for experimentation were number of hidden layers, number of nodes per hidden layer, smoothing parameter values for L1 and L2 regularizations on the nodes values at each layer, proportion of node dropout per hidden layer, and variable sample weight during training. The validation set mean absolute error was the target for minimization at each training epoch. The mean absolute error and median absolute errors curves for both the training and validation set were used to monitor for overfitting and underfitting. Each model could be trained for 500 epochs, but training was stopped if no reduction on the mean absolute error was observed. The final model had eight hidden layers, with nodes between 114 and 484 per layer. Dropout rates for each layer ranged from 0.01 to 0.19, and L1/L2 smoothing parameters ranged from 0.0001 to 0.002.

Model performance was assessed with accuracy for both the total test sample and compared across groups by admission creatinine, first creatinine of the pair, and age. Performance was further evaluated with confusion matrix metrics and the clinical relevance was assessed with the number needed to evaluate (NNE ± 1/Positive predictive value), the number of cases that need to be screened to identify one at risk case. Accuracy was also compared between predictions made in hours 0–47 and hours 48–120 of PICU admission. The absolute creatinine change was also assessed for all test set creatinine pairs.

Feature importance was evaluated using a Local Interpretable Model-Agnostic Explanation (LIME) approach, which treats each prediction locally as a linear model and assigns covariate importance (32). A random sample of 1000 creatinine pairs where change was ≥50% and 1000 creatinine pairs where change was <50% were used for this analysis. For each case, the 15 most important variables were determined using LIME. The frequency with which each variable appeared in the top 15 variables for the sample cases determined the overall importance.

All model development and analysis was done using R, version 4.3.1 (https://www.r-project.org).




Results

There were 39,932 encounters in the cohort from 59 unique hospitals (Figure 1), with a male predominance (53.8%), and median age of 8.0 years (IQR 1.9–14.6). Descriptive data are shown in Table 1. Median length of stay was 7.9 days (IQR 4.1–16.3). Overall mortality was 2.3%. There was an associated diagnosis for 88.0% of encounters. The most common categories of diagnoses were respiratory disease (38.0%), cardiovascular disease (24.0%), and infection (23.9%) (Table 1). Incidence of AKI of any stage was 21.0% (8,393 encounters) (Table 1). There were 141,658 paired creatinine measures meeting criteria for model training and testing, of which 5,753 (4.1%) had ≥50% change in creatinine during the 24-hour period. These 5,753 pairs represented 3,637 unique encounters (Table 1). These encounters had a lower median age (4.6 years, IQR 1.0–12.1), higher mortality (6.57%), and longer length of stay (14.2 days, IQR 7.2–28.0).


TABLE 1 Cohort description.
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The accuracy of the neural network model is shown in Table 2. Since inclusion of diagnostic code did not improve performance, the final model did not include diagnostic information. The overall accuracy of the model for predicting change of <50% or ≥50% was 68.1% (95% CI 67.6%−68.7%). In the subset of creatinine pairs where the measured change was <50%, the accuracy was 68.7% (CI 68.1% - 69.2%) and for pairs where the measured change was ≥50%, the accuracy was 55.1% (CI 52.2%−57.9%). The accuracy of classification improved substantially with higher creatinine values, from 29.9% (CI 28.9%–31.0%) accuracy in pairs with an admission creatinine <0.3 mg/dl to an accuracy of 90.0%–96.3% in pairs with an admission creatinine of 0.6–≥1.2 mg/dl. Categorized by the first creatinine value of the pair, the accuracy increased from 56.0% (CI 54.9%−57.2%) for creatinine values <0.3 mg/dl to 86.0%–88.9% for those with creatinine 0.6–≥1.2 mg/dl. The accuracy in age groups increased from 51.4% (CI 49.1%–53.7%) in those 1–2 months of age to 85.9% (CI 84.2%–85.6%) for those ≥12 years. Accuracy was higher for predictions made after the first 48 h (73.2%, CI 72.3%−74.0%) than for predictions made in hours 0–47 (65.1%, CI 64.4%−65.8%) of PICU admission.


TABLE 2 Model performance in the test set.
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Table 3 shows expanded performance metrics based on admission creatinine. Specificity overall was 68.7% (CI 68.1%–69.2%), with increasing specificity at higher admission creatinine values (92.1%–98.3% when creatinine ≥0.6 mg/dl). Negative predictive value (NPV) was high for all creatinine values (96.5%–98.1%), while positive predictive value (PPV) was low (5.4%–9.3%). The NNE was 14 overall, and ranged from 11 to 19 depending on admission creatinine.


TABLE 3 Expanded model performance.
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There were seven predictor variables that were among the most important for over 99% of all creatinine pairs (Figure 2). These were present creatinine value (first creatinine value of the pair), maximum creatinine value 0–12 h before prediction, admission creatinine value, crystalloid fluid administration, dopamine administration, vasopressin administration, and age. Several other variables were important for over 50% of predictions, including blood glucose level, creatinine 12–24 h before prediction, furosemide administration, and milrinone administration.
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FIGURE 2
Feature importance. Variables with highest frequency in 15 most important variables for sample predictions. Importance expressed as percent with 95% confidence interval represented by error bar. aLocal Interpretable model-agnostic explanation; bfirst creatinine of prediction pair.


The absolute creatinine change by admission creatinine and the initial creatinine in the creatinine pairs is shown in Table 4. For all groups, the median change for those < 50% creatinine change was no change or a creatinine decrease while there was a substantial absolute change for the creatinine values in all ≥50% creatinine change groups, ranging from 0.16 mg/dl in the lowest admission creatinine group to 0.90 mg/dl in the highest group.


TABLE 4 Creatinine change in outcome groups by admission creatinine or first creatinine in the test set.
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Discussion

Our results demonstrate that 24-hour creatinine change in critically ill children can be predicted with routine clinical data using a machine learning model. In patients with admission creatinine values of 0.6 mg/dl or higher, this model accurately classified a ≥50% change in creatinine in 90% of cases. The clinical suspicion of renal dysfunction in this sample was, presumably, relatively high since all patients had at least two creatinine values measured. Yet even in this population, only 4.1% of creatinine pairs in the data set had a creatinine change ≥50% in a 24-hour period. This likely contributed to the high NPV and low PPV. Low prevalence of the primary outcome may result in models that can accurately predict negative cases but have low PPV. However, the NNE indicates this model could still be clinically useful. The NNE averaging 14 patients and the high NPV could improve clinical care by identifying most of the low risk patients and isolating a relatively high risk population with a manageable NNE to be screened to detect one true positive. Given the potential clinical impact of renal dysfunction, this model would still be effective in identifying a high risk, but uncommon outcome.

Attempts to predict AKI in critically ill children have been limited by small sample size, restricted variable inclusion, and single time point prediction. The Renal Angina Index (RAI) relies on 5 variables to predict AKI 72 h after admission (20). In validation, only 30% of patients who developed AKI had a positive RAI score (21). The Pediatric Early AKI Risk Score uses 7 variables to predict the same outcome, with good negative predictive performance but lower positive prediction (22). Both studies had less than 10,000 patients. In contrast to these traditional approaches a recent machine learning model was developed in 16,863 patients, which predicted 41% of AKI episodes occurring in the first 48 h of admission with a true positive to false positive of 1:1 (29). Our model had larger sample size, more complete variable inclusion, and better predictive performance with predictions at any point in the first five days of ICU admission. The use of a neural network and outcome of creatinine change also distinguish our model from most other pediatric machine learning applications (33).

Renal dysfunction is challenging to predict due to the complex physiology of renal failure and the limitations of current mechanisms for its evaluation. Renal function is a dynamic process that is impacted by perfusion, oxygenation, systemic inflammation, fluid balance, and nephrotoxin exposure. These parameters may change rapidly in critically ill patients, leading to significant changes in renal function over time. Creatinine is also a delayed marker of renal injury, is confounded by fluid overload, and can have a variable baseline in patients with low muscle mass or chronic illness (9, 34, 35). However, clinical practice still relies on serum creatinine, for monitoring renal function. Several biomarkers of renal injury show promise as better indicators of renal function, but have limited availability and lack consensus on their use in the diagnosis or staging of AKI (36). None were measured with sufficient frequency to be included in our model. Ideally, model performance could be improved in the future by incorporating biomarkers of renal injury. A biomarker that can be measured with more precision and reflect more immediate changes in renal function than creatinine would result in an improved model.

Creatinine assays are particularly unreliable in pediatric patients, which adds to the challenge of an accurate prediction model in infants and young children. Assays may have up to 50% error in samples with creatinine <0.4 mg/dl, and there remains significant inter-assay variability (15, 16). In children with a baseline creatinine of 0.4 mg/dl, a 50% change in creatinine is an absolute change of only 0.2 mg/dl, which makes the detection of true AKI vs. artifact difficult for infants and young children (37). This may account for lower performance metrics, especially the low specificity in the subset of our cohort with low creatinine values. Given the inaccuracy of measured creatinine <0.4 mg/dl, a model that relies on creatinine measurement may be inaccurate at these values. It is possible that the observed difference in model performance is due to the limits of creatinine assays. Indeed, renal dysfunction models developed in adult populations have better performance than pediatric models, which may be a result of higher baseline creatinine values with more reliable laboratory measurements (38–40).

Our model was specifically designed as a dynamic prediction model with multiple variables to account for the complex, rapidly changing physiology during acute illness. This model has the potential to be clinically useful if integrated into the EHR so that predictor variables could be directly used to alert providers to predicted 24-hour creatinine change. The model performs well to predict patients with <50% creatinine change, which may be clinically useful. Identifying patients with low risk of developing renal dysfunction may impact decision making for nephrotoxic therapies such as empiric vancomycin or escalation of diuretics. Additionally, the model can identify cases with risk of ≥50% creatinine change with a NNE of 14. Predicting a rise in creatinine in this context, before it is measured clinically, could give clinicians a window of opportunity in which to mitigate renal damage, adjust fluid and electrolyte management, and reconsider the use of nephrotoxic medications. While working within the limitations of creatinine as a delayed indicator of renal function, it could still be possible to make proactive changes in management to protect the kidneys. The feature importance analysis revealed several medication exposures that were significant in the prediction model, which may indicate opportunities changes in management. It is also notable that performance of our model was not improved with the addition of diagnosis, implying that renal dysfunction can be predicted based on routine clinical measures, independent of the mechanisms of disease. EHR model integration would be an important future direction for this study to evaluate real-time clinical utility.

Our model has several limitations. First, it was developed and tested in a retrospective cohort which spanned a 15-year time period, in which there likely was variation in clinical practice and reliability of measured creatinine. Presumably, there was significant variability in the laboratory measurement techniques by institution and over time, especially influencing the model in the lower creatinine ranges. This extended time period may also explain why dopamine exposure had strong feature importance, as it was used frequently in the past but its use has declined more recently. Second, there are limitations common to the use of large, retrospective database studies. We were restricted to previously collected data, which may bias the study toward sicker patients who are more likely to have creatinine measured. Third, as required for many machine learning models, imputation was required for missing data. Fourth, there are additional limitations inherent to a neural network, including limited interpretability of variable importance. Lastly this model was optimized for predictive performance but has not been implemented clinically. As this model was created on a multicenter database, recalibration at individual sites may optimize its performance (41). The low prevalence of the positive outcome in this model also contributes to its lower performance predicting positive cases. The incorporation of alternate markers of renal dysfunction should be investigated in the future.

In summary, our study shows that short-term creatinine change can be predicted in critically ill children using routinely collected clinical data before a measured rise in creatinine is observed. If the creatinine value either at admission or any time in days 1–5 of PICU admission is ≥0.6 mg/dl, creatinine change in the next 24 h can be accurately predicted. The low prevalence of positive cases in this cohort limits model performance. If this model were applied clinically, 14 patients would need to be screened to detect one positive case. Despite the complexity of creatinine dynamics, the ability to predict creatinine change may allow for clinical interventions that minimize ongoing renal damage, avoid worsening of renal function, and mitigate clinical consequences.
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Appendix


Appendix A: Overview, data cleaning, and data definitions

Data cleaning: Cleaning of extracted data included removing duplicate or null values, standardizing units of measurement, and removing invalid entries (e.g., negative values, data extremes inconsistent with life). Data cleaning specific to each data type is outlined in sections below.


Data definitions

Pediatric patients: >1 month to ≤18 years at time of admission.

Inpatient: Inpatients were defined as those with Real World Data (RWD) encounter classification of “Inpatient”.

Intensive care unit (ICU): All encounters were included within the “Inpatient” classification with a RWD location classification of “intensive care unit” (ICU) or “pediatric intensive care unit” (PICU). “Neonatal intensive care unit” (NICU) encounters were excluded. Encounters with <6 h ICU length of stay were excluded. Up to 4 repeat ICU admission for any given encounter were included, with each ICU admission treated as a distinct event.


Appendix Table 1 Repeat ICU admissions.
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Appendix B: Laboratory variables

Tests included were collected from whole blood or serum, at any site (venous, arterial, or capillary). For each included laboratory test, all recorded units and distribution of results were examined. Units were standardized to the most commonly used unit (ex: mg/dl to g/dl).

The distribution of each laboratory test was analyzed individually, with both descriptive statistics and graphical display. Lower and upper limits were based on clinically relevant ranges and physiology (see below). Values outside of these limits were excluded. Tests with units that did not fit the clinical distribution were also excluded. Any laboratory test that was present in less than 500 encounters was excluded and is not shown. The table below shows the laboratory variables included, the measurement units evaluated and standardized units, and upper and lower limits for range testing.


Appendix Table 2 Standardized laboratory variables.

[image: Appendix Table 2]


Imputed laboratory values

Imputed values were used for variables without a recorded measurement. These were maintained until replaced by a recorded value. When possible, values were imputed based on numerical computation. For variables with insufficient data to use this method, imputed values were selected assuming normal physiology and reference values as follows:.


Appendix Table 3 Imputed laboratory values.
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Appendix C: Vital signs, clinical variables, and measurements

Clinical variables and measurements were assessed as follows: all vital signs, clinical values, and measurements in this cohort was collected. All recorded units and distribution of results were examined. Units were standardized to the most commonly used. Units were converted to the standard. Data that could not be converted were excluded.

The distribution of each variable was analyzed individually, with both descriptive statistics and graphical display. Lower and upper limits were set based on clinical medicine. Values outside of these limits were excluded. Tests with units that did not fit the clinical distribution were also excluded. Any clinical variable that was recorded in less than 500 encounters was excluded.

Urine output data was standardized as follows: All measurements with recorded units of ml were included. Amount of urine recorded in a 12-hour period was summed (from 7 AM to 7 PM, and 7 PM to 7 AM). 12-hour urine output was divided by patient weight and hours to obtain urine output in ml/kg/hr for that time period.

Tidal volume for mechanically ventilated patients was also divided by patient weight to obtain tidal volume in ml/kg.


Imputed clinical values

As with laboratory values, imputed values were entered for variables without a recorded measurement. These were maintained until replaced by a recorded value. For variables with insufficient data to use this method, imputed values were selected assuming normal physiology values as follows:


Appendix Table 4 Imputed clinical values.
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Appendix D: Medication variables

All records of crystalloid or colloid volume expanders were evaluated, including those with supplemental electrolytes as listed below (Appendix Table 5). Both bolus and maintenance fluid volumes were counted. Vasoactive medications in both bolus doses and continuous infusions were included. Nephrotoxic medications were selected based on clinical evidence (27–29).


Appendix Table 5 Medications.
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Appendix E: Diagnosis codes

Diagnostic and procedural codes from the International Classification of Diseases (ICD) −9 and −10 (30, 31) were available for 88% of patients. All diagnostic and procedural codes were first screened for indication of chronic kidney disease, congenital renal abnormalities, renal transplant status, and chronic dialysis dependence (Appendix Table 6). Encounters with these associated codes were excluded from the model.


Appendix Table 6 Excluded diagnostic codes.

[image: Appendix Table 6]

The diagnoses associated with each encounter were categorized into seven groups: cardiovascular disease, infection, malignancy, neurologic disease, respiratory disease, trauma/ingestion, or other. Diagnostic categories were not mutually exclusive (multiple diagnoses could be associated with a single encounter). If a diagnosis was not associated with a given encounter, it was coded as “no diagnosis associated”.



Appendix F: Model development


Model structure

Every encounter was required to have an admission creatinine measured within the 24 h preceding admission through day 1 of ICU admission. Subsequent creatinine values utilized in the modeling had to occur in pairs separated by 24 ± 6 h. The first creatinine value of a pair defined hour 0–1 of that modeling period, and could occur at any point in days 1–5 of ICU admission. A second creatinine had to be measured within 24 ± 6 h of the first in order to be used for model training or validation. The 48 h preceding the first creatinine of the pair were then divided into 4 12-hour time periods. The number of modeling periods for any given encounter was therefore dependent on the number of creatinine pairs that fit the above criteria.




Appendix Figure 1: Model structure

For each 12-hour period preceding the first creatinine of the pair, the following metrics were applied to all variables prior to inclusion in the model:


	(1)For all vital signs (heart rate, respiratory rate, blood pressure, temperature, oxygen saturation, and GCS), the minimum value, maximum value, average, and count (number of records) were included.

	(2)For all other clinical measurements (weight, respiratory support variables), the minimum value, maximum value, and count were included.

	(3)For intake and output measurements (UOP) which had been standardized to units of ml/kg/hr over 12 h, a single value was included.

	(4)For laboratory values, the minimum value, maximum value, and count were included.

	(5)Each medication was included as a binary variable (received/did not receive).



For all variables, the maximum value and minimum value at any point in admission prior to the first creatinine of the pair were also included.
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Treatment of highly correlated variables

For all variable pairs with Pearson correlation value ≥0.9 or ≤−0.9, the following rules were applied to select one variable of the pair for inclusion in the model:


	(1)If the same variable was correlated across two time periods (regardless of parameter), the variable from the earliest time period was kept.

	(2)If the same variable was correlated within the same time period, the maximum value was kept.

	(3)If the count parameter of different variables were correlated in the same time period, the following hierarchy was applied: measurements > events > labs > medications

	a.If both variables were labs, drug levels were kept over other labs

	b.If both variables were labs but one was a directly measured value and the other was a calculated value, the directly measured lab was kept




	(4)If the minimum or maximum parameter of different variables were correlated within the same time period, the following hierarchy was applied: labs > measurements > events > medications

	a.If both variables were labs, drug levels were kept over other labs

	b.If both variables were labs but one was a directly measured value and the other was a calculated value, the directly measured lab was kept
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