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Abstract

Rationale & Objective—Risk-prediction tools for assisting acute kidney injury (AKI) 

management have focused on AKI onset but have infrequently addressed kidney recovery. We 

developed clinical models for risk-stratification of mortality and major adverse kidney events in 

critically ill patients with incident AKI.

Study Design—Multicenter cohort study.

Setting & Participants—9,587 adult patients admitted to heterogenous ICUs (March 2009 to 

February 2017) who developed AKI within the first 3 days of their ICU stays.
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Predictors—Multimodal clinical data consisting of 71 features collected in first 3 days of ICU 

stay.

Outcomes—1) Hospital mortality and 2) major adverse kidney events (MAKE), defined as the 

composite of death, dependence on renal replacement therapy and a drop in eGFR ≥50% from 

baseline up to 120 days from hospital discharge.

Analytical Approach—Four machine learning algorithms (logistic regression, random forest, 

support vector machine, and extreme gradient boosting) and the SHapley Additive exPlanations 

(SHAP) framework were used for feature selection and interpretation. Model performance was 

evaluated by 10-fold cross validation and external validation.

Results—One developed model including 15 features outperformed the SOFA score for the 

prediction of hospital mortality: AUC (95%CI) 0.79 (0.79–0.80) vs. 0.71 (0.71–0.71) in the 

development cohort and 0.74 (0.73–0.74) vs. 0.71 (0.71–0.71) in the validation cohort, p<0.001 

for both. A second developed model including 14 features outperformed KDIGO AKI severity 

staging for the prediction of MAKE: 0.78 (0.78–0.78) vs. 0.66 (0.66–0.66) in the development 

cohort and 0.73 (0.72–0.74) vs. 0.67 (0.67–0.67) in the validation cohort, p<0.001 for both.

Limitations—The models are only applicable to critically ill adult patients with incident AKI 

within the first 3 days of an ICU stay.

Conclusions—The reported clinical models exhibited better performance for mortality and 

kidney recovery prediction compared to standard scoring tools commonly used in critically 

ill patients with AKI in the ICU. Additional validation is needed to support the utility and 

implementation of these models.

PLAIN-LANGUAGE SUMMARY

Acute kidney injury (AKI) occurs commonly in critically ill patients admitted to the intensive 

care unit (ICU) and is associated with high morbidity and mortality. Prediction of mortality and 

recovery after an episode of AKI may assist bedside decision-making. In this manuscript, we 

described the development and validation of a clinical model using data from the first 3 days of 

an ICU stay to predict hospital mortality and major adverse kidney events occurring up to 120 

days after hospital discharge among critically ill adult patients who developed AKI within the first 

3 days of an ICU stay. The proposed clinical models exhibited good performance for outcome 

prediction and, if further validated, could enable risk-stratification for timely interventions that 

promote kidney recovery.
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INTRODUCTION

Acute kidney injury (AKI) occurs in up to 50% of critically ill patients admitted to 

Intensive Care Units (ICU)1–4. Incident AKI increases risk of hospital mortality4, 5 and 

carries deleterious systemic effects in survivors, predisposing to cardiovascular disease6–8 

and progressive kidney disease9–12. Furthermore, the overall morbidity associated with AKI 
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increases resource utilization and healthcare costs13. Given the public health relevance 

of AKI, there is tremendous need for development of clinical tools that assist with risk-

stratification of prognosis and post-AKI outcomes. These tools can potentially support 

interventions that can attenuate the burden of AKI and its complications, as well as augment 

precision in clinical decisions that could positively impact patient-centered outcomes after 

discharge.

Recent studies clearly showed that clinical risk-prediction models are helpful in predicting 

AKI onset in different critically ill populations14–20. Even though these tools are of 

importance for the prevention, early diagnosis, and timely management of AKI, external 

validation of model performance and implementation of these tools for guiding interventions 

to prevent AKI or its progression are lacking. Notably, only few studies have focused on 

prediction of AKI recovery or post-AKI outcomes21–23. Given the competing risk of death 

when evaluating kidney recovery in the critically ill population, the outcome of major 

adverse kidney events (MAKE), the composite of death, need of renal replacement therapy 

(RRT) and impaired kidney function, has gained recognition as a key metric of post-AKI 

prognosis23. Therefore, the ability to identify which patients would develop MAKE after an 

AKI episode could be critical to guide clinical decisions and optimize delivery of healthcare 

services.

The aim of this study was to develop and validate useful clinical models for the risk-

stratification of critically ill adult patients that suffered from AKI, for their individual risk 

of hospital mortality and MAKE. We hypothesized that clinical models that incorporate 

multimodal data beyond severity of AKI staging are informative in ICU settings and 

therefore provide paramount prognostic information.

METHODS

Study Design and Study Population

We conducted a multicenter, retrospective cohort study. The derivation cohort consisted of 

adult patients admitted to the ICU at the University of Kentucky (UKY) Hospital from 

March 2009 to February 2017. The validation cohort consisted of adult patients admitted 

to the ICU at the University of Texas Southwestern (UTSW) Medical Center from May 

2009 to December 2015. Both cohorts were linked to the United States Renal Data System 

(USRDS). We included patients aged ≥18 years that stayed in the ICU for at least 1 

day, had a minimum of two serum creatinine (sCr) measurements in the first 3 days of 

ICU admission, and had a diagnosis of AKI in the first 3 days of ICU admission based 

on sCr-KDIGO criteria24. Patients were excluded if they had a diagnosis of end-stage 

kidney disease (ESKD) before or at the time of hospital admission, had undergone kidney 

transplant, had a baseline estimated glomerular filtration rate (eGFR) <15 mL/min/1.73m2, 

or if they died within the first 3 days of ICU admission (Figure 1). If patients had multiple 

ICU admissions, only data from the first ICU admission were included in the analysis. If 

the time gap between consecutive ICU admissions was <12 hours, we considered them as 

a single ICU admission. The protocol was approved by the Institutional Review Boards 

(IRB) of both institutions (UKY: 17-0444-P1G and UTSW: STU 112015-069). Given the 

retrospective nature of the study, informed consent was waived.

Neyra et al. Page 3

Am J Kidney Dis. Author manuscript; available in PMC 2024 January 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Study Variables and Definitions

Data included demographics, comorbidities, hospital diagnoses and procedures, and critical 

illness parameters. Comorbidities were determined by ICD-9/10-CM codes and classified 

according to Charlson25 and Elixhauser26 scores. Chronic kidney disease (CKD) was 

defined using baseline eGFR <60 ml/min/1.73 m2 or ICD-9/10-CM codes. Acuity of illness 

was determined by components of the Sequential Organ Failure Assessment (SOFA)27 and 

the Acute Physiology and Chronic Health Evaluation II (APACHE II)28 scores. Laboratory 

data, vital sign data, use of mechanical ventilation/extracorporeal organ support, and 

pressor/inotrope support were extracted from electronic health records (EHRs) flowsheets. 

Descriptive data of relevant clinical parameters are presented as mean ± standard deviation 

or median (interquartile range) depending on the distribution of continuous variables, and 

frequency (%) for categorical variables (Table 1).

Data Extraction, Validation, and Harmonization

Data were automatically extracted from EHRs and properly validated with a 5% review 

of individual EHRs for specific clinical parameters of interest. Data were extracted using 

the same definitions and rules across the two study sites. In total, there were 71 validated 

clinical variables included in the initial model, and they were all measured or determined 

during the first 3 days of ICU admission: from the time of ICU admission to 23:59:59 of 

the same day (Day 0) and the subsequent 3 days in the ICU (from 00:00:00 to 23:59:59 

in Day 1, 2 and 3). Highest or lowest values of continuous parameters were selected 

for model classification. A detailed description and definitions, including missing data, of 

study variables are provided in Table S1. Missing data of SOFA or APACHE II individual 

components were imputed as the lowest attributable score. Missing data of baseline sCr 

were imputed by resolving the eGFR-EPI equation to 75. All other missing data were 

imputed using mean. Fluid overload (FO) was estimated as cumulative fluid balance (liters) 

in reference to ICU admission weight (kg) using the formula29: FO = ∑ (fluid intake - fluid 

output) / (admission weight) × 100%.

Study Outcomes

Two clinical outcomes were evaluated: 1) hospital mortality and 2) MAKE in the 120 days 

following hospital discharge. MAKE was also evaluated in survivors only. MAKE was 

defined following 4-tiered criteria: (A) If the patient died within 120 days following hospital 

discharge (or prior to discharge); (B) If the patient survived but was identified as recipient 

of any type of RRT within the last 48 hours of hospital stay based on EHR data; (C) If the 

patient survived but developed ESKD within 120 days following hospital discharge based on 

EHR data and/or the USRDS; (D) If the patient survived and was not identified as ESKD 

or as recipient of RRT within the last 48 hours of hospital stay, the 120-day eGFR was used 

to compute the change in eGFR in reference to the baseline value. The 120-day eGFR was 

calculated by using the median of all sCr values within a window of 30 days closest but 

before 120 days after discharge. If the eGFR at 120 days was <50% of the baseline eGFR, 

this was considered MAKE. eGFR was computed using the EPI equation.30
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Model Feature Selection

We assessed all 71 features by training the models using the derivation cohort (UKY). 

Specifically, four machine learning algorithms: logistic regression (LR), random forest (RF), 

support vector machine (SVM) and extreme gradient boosting (XGBoost) were used for 

training the models independently for the prediction of hospital mortality and MAKE. Each 

feature was then ranked according to its correlation coefficient or relative importance in each 

trained model. In conjunction with the feature ranking, clinical reasoning was used to filter 

features according to explainability (ability of features to justify the results) and feasibility 

(access to data for reproducibility). The feature selection processes resulted in a total of 15 

features in the developed clinical model for hospital mortality prediction and 14 features for 

MAKE prediction. The resulting feature ranking is provided in Table S2. The overall feature 

selection processes are illustrated in Supplementary Figure 1.

Model Predictive Performance Evaluation

Predictive performance of proposed clinical models was evaluated using 10-fold cross-

validation in the derivation cohort (UKY), along with external validation in the UTSW 

cohort. The performances of proposed clinical models using four machine learning 

algorithms (LR, RF, SVM and XGBoost) are provided in Table S3. We selected RF as 

the main algorithm for our proposed clinical model due to its slightly superior performance 

compared to other algorithms in the derivation cohort. The proposed clinical models were 

compared with the corresponding baseline models (hospital mortality: SOFA; MAKE: 

maximum AKI KDIGO staging in ICU Day 0–3). We selected LR for the baseline models 

due to its superior performance than RF in single feature scenario. First, we computed 

ROC-AUC, accuracy (proportion of observations that are correctly predicted), precision/

positive predictive value (PPV) (proportion of observations that are true positive among all 

predicted positives), sensitivity, specificity, F1 (harmonic mean of precision and sensitivity), 

negative predictive value (NPV) (proportion of observations that are true negative among 

all predicted negatives), calibration intercept and slope with 95% confidence intervals for 

proposed and baseline models31. The cut-off for binary prediction of all parameters was 

0.5. We further compared the performance between proposed and baseline models by 1) the 

difference in AUC, whereas statistical significance was computed using Delong’s test and 2) 

the categorical net reclassification improvement (NRI)32, 33. We defined two risk categories 

for NRI using a cut-off value of 0.5 (<0.5 and ≥0.5) and provided reclassification tables for 

these categories stratified according to the occurrence of events (i.e., hospital mortality or 

MAKE). Performance metrics were computed on the validation data of UKY and the whole 

UTSW cohort without down-sampling. In addition, we examined the observed and predicted 

risk probabilities of outcomes graphically by bar charts in the two study cohorts.

Feature Interpretation and Visualization

We used the SHapley Additive exPlanations (SHAP) framework for interpreting specific 

feature importance in the proposed models34. SHAP assigns each feature an importance 

score for the prediction of the outcome. A positive SHAP value for a particular feature 

indicates the feature increases the predicted risk of the outcome, while a negative value 

indicates the feature reduces the predicted risk of the outcome. We also illustrated SHAP 
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scores with specific feature data in selected patients for case-utility visualization. All 

analyses were conducted in SAS 9.4 (SAS Institute, Cary, NC), R programming (R 

Foundation for Statistical Computing, Vienna, Austria), and Python 3 (Python Software 

Foundation, Beaverton, OR).

RESULTS

Clinical Characteristics

A total of 7,354 AKI patients were included in the UKY and 2,233 in the UTSW cohort 

(Figure 1). In the UKY cohort, the median age [IQ1-IQ3] was 63 [51.7–73.6] years, 55.9% 

were male, 91.6% were white and 6.8% black, while in the UTSW cohort, the median 

age was 64 [53.8–73.7] years, 57.2% were male, 62.3% were white and 22.6% black. 

Prevalent hypertension (UKY 76.5% and UTSW 74.2%) and diabetes (UKY 41.6% and 

UTSW 41.5%) were frequent. Median SOFA scores were 6 [4–8] in both cohorts. More 

than 40% of patients in both cohorts required mechanical ventilation and more than 15% 

required pressor/inotrope support. A summary of patient characteristics, including AKI 

characteristics, is provided in Table 1. The overall hospital mortality rates were 21.9% and 

9.9% in the UKY and UTSW cohorts, respectively. MAKE occurred in 32.4% of patients in 

the UKY cohort and in 25.7% of patients in the UTSW cohort (Table S4).

Prediction of Hospital Mortality

The developed clinical model consisted of 15 features that were interpreted in order of 

relevance according to SHAP (Figure 2). For example, exposure to pressor/inotrope, urine 

output, highest FiO2, lowest platelet count and highest blood urea nitrogen were among the 

top predictors in both cohorts. Descriptive data of the 15 features are presented in Table S5. 

Selected case studies with specific feature values are summarized in Supplementary Figure 

2.

The clinical model outperformed SOFA score for the prediction of hospital mortality in both 

the derivation (UKY) and validation (UTSW) cohorts: AUC (95%CI) 0.79 (0.79–0.80) vs. 

0.71 (0.71–0.71), p<0.001 in the UKY cohort and 0.74 (0.73–0.74) vs. 0.71 (0.71–0.71), 

p<0.001 in the UTSW cohort. The clinical model improved the sensitivity and the NPV 

for hospital mortality prediction in both cohorts. The clinical model significantly improved 

hospital mortality risk-reclassification when compared to the SOFA score as per NRI in the 

UKY cohort (Table 2). Detailed reclassification of hospital mortality prediction is reported 

in Table S6.

In the UKY cohort, 474 patients had <10% predicted risk of hospital mortality and only 

7 (1.5%) died. In contrast, among 2,851 patients with more than 50% predicted risk of 

mortality, 1,171 (41.1%) patients actually died. Similar risk-classification was observed 

in the UTSW cohort (Figure 3A). The clinical model exhibited a similar overall better 

performance when compared to the APACHE II score.
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Prediction of MAKE

The developed clinical model consisted of 14 features that were interpreted in order of 

relevance according to SHAP (Figure 4). For example, last AKI KDIGO severity score at 

D0–D3, urine output, highest FiO2, need of pressor/inotrope and highest blood urea nitrogen 

were among the top predictors in both cohorts. Descriptive data of the 14 features are 

presented in Table S7. Selected case studies with specific feature values are summarized in 

Supplementary Figure 3.

The clinical model outperformed maximum AKI KDIGO score for the prediction of MAKE: 

UKY cohort AUC of 0.78 (0.78–0.78) vs. 0.66 (0.66–0.66), p<0.001 and UTSW cohort 0.73 

(0.72–0.74) vs. 0.67 (0.67–0.67), p<0.001. The clinical model improved the sensitivity and 

the NPV for MAKE prediction in both cohorts. The clinical model significantly improved 

MAKE risk-reclassification when compared to the maximum AKI KDIGO score as per NRI 

in both cohorts (Table 3). Detailed reclassification of MAKE prediction is reported in Table 

S8.

In the UKY cohort, 214 patients had <10% predicted risk of MAKE and only 10 (4.7%) of 

these patients truly developed the outcome. On the contrary, 2,984 patients had more than 

50% predicted risk of MAKE, and 1,661 (55.7%) of these patients experienced the event. 

Similar risk-classification was observed in the UTSW cohort (Figure 3B).

Prediction of MAKE in Survivors

The clinical model had better performance than the maximum AKI KDIGO score to predict 

MAKE in survivors up to 120 days after hospital discharge (n=5,395 in UKY and 1,864 

in UTSW cohorts): UKY cohort AUC of 0.84 (0.83–0.84) vs. 0.79 (0.79–0.80) for AKI 

KDIGO, p<0.001 and UTSW cohort 0.79 (0.79–0.80) vs. 0.76 (0.76–0.76) for AKI KDIGO, 

p<0.001. Risk reclassification by NRI was significantly improved in both cohorts (Table 4). 

Detailed reclassification of MAKE prediction in this subset of patients is reported in Table 

S9. Among UKY cohort survivors, 416 patients had <10% predicted risk of MAKE and 

only 6 (1.4%) of these patients developed the outcome. In contrast, 1,305 patients had >50% 

predicted risk of MAKE and 320 (24.5%) of these patients developed the outcome. Similar 

risk-classification was observed in the UTSW cohort.

Prediction of Hospital Mortality and MAKE stratified by CKD at baseline

Similar predictive performances were observed when the cohorts were stratified according to 

CKD status at baseline (Table S10).

Online Tool

We created an online tool that assists with computing the score for the proposed clinical 

models of hospital mortality and MAKE prediction. This tool will help to risk-stratify 

critically ill adult patients with incident AKI in the first 3 days of ICU admission and is 

available and accessible on-line for public use free-of-charge at http://phenomics.uky.edu/

taki/taki.html.
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DISCUSSION

The main deliverable of this study is the development and validation of pragmatic clinical 

models using data from the first 3 days of ICU stay to predict hospital mortality and 

major adverse kidney events up to 120 days post-hospital discharge in critically ill patients 

admitted to the ICU that had incident AKI within the first 3 days of ICU stay. Unique 

aspects of these clinical models are 1) the use of machine-learning algorithms and processes 

of explainability/clinical rationale for final variable selection and 2) the use of validated and 

harmonized ICU datasets from two large academic medical centers (UKY: development 

cohort and UTSW: external validation cohort). Our study provides an online platform 

available to the public for the bedside application of the proposed models and highlights 

the need to further develop artificial intelligence-based clinical models for enhanced and 

continuous prediction of post-AKI outcomes by addition of multiorgan, multimodal and 

dynamic clinical data.

Most clinical AKI studies using machine learning methodology to date, have focused on 

the development and validation of risk-classification models for continuous prediction of 

incident AKI in hospitalized patients31, 35–38. Further, only few studies have tailored risk-

prediction models for AKI onset in critically ill patients in the ICU14, 39. Specific to the 

critically ill population, concerns have been raised for the feasibility of external validation, 

the lack of multimodal and multiorgan time-varying data, and the difficulties in expanding 

clinical data with biomarker or extracorporeal support device data for enhancement of the 

clinical models40. Although still at infancy levels, the continuous evolution of artificial 

intelligence applied to biomedical research will enable the ability to analyze multimodal big 

data that were previously inaccessible with the ultimate goal of assisting clinical decisions at 

the bedside, particularly in vulnerable populations such as those with acute illnesses in the 

ICU41.

Specifically, risk-classification of mortality or major adverse kidney events post-AKI is an 

area with limited research. This is particularly important in the ICU setting as critically ill 

patients represent a vulnerable and growing population with high morbidity and mortality, 

and high incidence of AKI as it is estimated that about half of the 4 to 6 million patients 

admitted to ICUs every year in the U.S. suffer from AKI42. A randomized clinical trial 

including cardiac surgery patients at high risk of postoperative AKI showed that timely 

implementation of AKI bundles by a specialized team significantly decreased incident 

postoperative AKI when compared to standard of care43. In contrast, education to clinicians 

and nurses about AKI bundles without implementation action or enrichment to include 

high-risk patients did not prevent progression of AKI in critically ill patients admitted to 

the ICU44. It is therefore possible that identification of high-risk AKI patients using clinical 

risk-classification tools may better direct efforts for implementation of AKI bundles early in 

the course of AKI or ICU admission with considerable impact on clinical outcomes. Further, 

the use of these risk-classification tools may direct care of critically ill survivors of AKI to 

specialized post-discharge clinics that could assist in promotion of kidney and critical illness 

recovery and improvement of patient-centered outcomes45.
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Currently, prediction of outcome in critically ill patients with AKI relies solely on clinical 

rationale but development of robust risk prediction approaches using EHR data is possible. 

One should note that about two-thirds of the final features in the developed clinical models 

are currently part of risk-classification tools used in the general ICU population, supporting 

the generalizability of the models27, 28. Importantly, clinical models such as the ones 

developed and validated in this study can be incorporated into the EHR as part of clinical 

decision support systems to guide bedside decisions to promote AKI recovery and/or use for 

enrichment of clinical trials to tailor high-risk groups at higher chances of benefit from the 

intervention.

Our study has some limitations. First, the retrospective nature of the study could carry 

information bias inherent to large databases generated through automated EHR extraction. 

Nonetheless, we validated ~5% of the data with emphasis in parameters used in the present 

study. Second, we did not use urine output criterion as part of the AKI definition to derive 

the cohort of patients with incident AKI within the first 3 days of ICU stay but the clinical 

models included urine output as a relevant parameter for post-AKI outcome prediction. 

Third, we propose clinical models that were carefully developed and externally validated 

only for prediction of mortality and MAKE in critically ill adult patients with incident AKI 

within the first 3 days of ICU stay. Therefore, our models may not be applicable for patients 

who develop AKI later in the course of ICU stay or for those who develop AKI outside 

the ICU setting. Nonetheless, one should recognize that about two-thirds of AKI events in 

the ICU are diagnosed either on ICU admission or within the first 3–7 days of ICU stay42. 

Fourth, our clinical models were compared to reference models such as SOFA, APACHE II 

and maximum AKI KDIGO score, which are risk-classification scores that have not been 

specifically developed or validated for outcome prediction in the subset of AKI patients 

included in this study or to specifically predict MAKE. Fifth, our clinical models did not 

include time-varying (dynamic) clinical data or novel kidney biomarker data, which may 

further enhance the prediction of post-AKI outcomes. This is work in the pipeline for our 

group and others.

We developed and validated readily applicable clinical models using data from the first 3 

days of ICU stay to predict hospital mortality and major adverse kidney events up to 120 

days post-hospital discharge in critically ill patients admitted to the ICU with incident AKI 

within the first 3 days of ICU stay. We used large, harmonized and validated ICU datasets 

from two academic medical centers that represent a heterogeneous ICU population. The 

proposed clinical models exhibited good performance for outcome prediction and could 

enable risk-stratification for timely interventions that promote or enhance kidney recovery, 

both during ICU stay (KDIGO AKI bundle, resource allocation) and after discharge from 

the hospital (specialized follow-up care). We provide an online platform available to the 

public for applicability of the clinical models at the bedside. Additional external validation is 

needed to warrant wide implementation of these clinical models.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Flowchart of derivation (UKY) and validation (UTSW) study cohorts.
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Figure 2. 
SHapley Additive exPlanations (SHAP) framework of top 15 final features for the prediction 

of hospital mortality. Each dot denotes a SHAP value for a feature in a particular individual. 

The dot color represents if the feature is present or absent (categorical data) or high vs. 

low (continuous data), whereas blue denotes absent/low and red denotes present/high. The 

X-axis represents the scale of SHAP values. A positive SHAP value for a particular feature 

indicates the feature increases the predicted risk of the outcome, while a negative value 

indicates the feature reduces the predicted risk of the outcome. The Y-axis includes features 

ordered from top to bottom by their impact on the model prediction based on mean absolute 

SHAP values. EXP =exposure; Non-EXP =non-exposure.
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Figure 3. 
Predicted risk vs. outcome incidence for (A) hospital mortality and (B) MAKE in both study 

cohorts. The column bar denotes the number of patients in each category and the line chart 

denotes the outcome incidence.
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Figure 4. 
SHapley Additive exPlanations (SHAP) framework of top 14 final features for the prediction 

of MAKE. Each dot denotes a SHAP value for a feature in a particular individual. The 

dot color represents if the feature is present or absent (categorical data) or high vs. low 

(continuous data), whereas blue denotes absent/low and red denotes present/high. The X-

axis represents the scale of SHAP values. A positive SHAP value for a particular feature 

indicates the feature increases the predicted risk of the outcome, while a negative value 

indicates the feature reduces the predicted risk of the outcome. The Y-axis includes features 

ordered from top to bottom by their impact on the model prediction based on mean absolute 

SHAP values. EXP =exposure; Non-EXP =non-exposure.
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