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Background

• Hospital re-admission is a challenge after renal transplantation, reflecting 

complication from transplant.

• Standard clinical approaches to predicting readmission risk may not fully 

capture the underlying relationships precisely for patients.

• Our study addresses this by developing an explainable artificial 

intelligence (XAI) for predicting 30-day hospital readmission risk following 

renal transplantation

• including both of pre-transplant and post-transplant variables to create a 

clinically applicable prediction tool. 

• not only focusing on the predictive accuracy but also model 

interpretability, to ensure that healthcare providers can understand and 

trust the factors driving the predictions from the developed model
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Study design

• Retrospective study from King Abdullah International Medical Research 

Center (KAIMRC)

• Inclusion criteria:

• Adult who underwent renal transplantation, living and deceased donor

• N = 588 patients

• Data source

• EMR

• Demographic information, clinical variables, laboratory values, and 

transplant-specific characteristics

• Label:

• Admission withing 30-days after discharge

• All hospital encounters, including observation stays and 

emergency department visits without formal admission

• Event number = 523/588 (89%)
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Baseline Characteristic
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Baseline Characteristic
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Preprocessing pipeline

Handle missing value with MICE

Five imputations for continuous 
variables and mode imputation for 
categorical variables with less than 

20% missingness
Exclude variable with >20% missing

Standard scaling (mean = 0, 
SD = 1) continuous variables

Encode all categorical variable

Values > 3 SD = Outlier -> Winsorization

Preprocessing parameter derived from the training set only for each CV

Application of clinically validated threshold
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Feature Selection

Domain knowledge

168,596 data points

Univariate analysis 
(p-value < 0.2 threshold)

Handle multicollinearity: Remove 
variance inflation factor over five

What domain 
knowledge?

Keep what feature 
with VIF > 5?

15 predictors
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Feature Selection

Feature selection on whole dataset = cheating!
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Algorithm selection and training

Random Forest
XGBoost

Gradient Boosting
Logistic Regression

Support Vector Machine
K-Nearest Neighbors

Stratified 5-fold CV
Average performance 

across 5-fold
Hyperparameter 

optimization 
with further 

cross validation
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Algorithm selection and training
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Algorithm selection and training
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XAI

SHAP for global 
contribution across 

entire dataset

LIME for individual 
case prediction
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Random 
case with 

LIME
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Algorithm selection and training
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Algorithm selection and training

No calibration performance report

What threshold used for discrimination performance?

Where is PR-AUC?
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Algorithm selection and training
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Algorithm selection and training
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Discussion

• From a clinical perspective, the model’s well performing capabilities (AUC 

0.837) translate to practical utility in identifying high-risk patients who 

may benefit from optimized and focused monitoring and early intervention. 

• Our observed readmission rate of 88.9% significantly exceeds previously 

reported ranges of 18–47% in transplant literature

• Our follow-up protocol involves intensive post-transplant monitoring 

with a low threshold for readmission, especially for the laboratory 

abnormalities that might be managed outpatient elsewhere. 

• High proportion of living donor recipients (85.2%) in our cohort may 

paradoxically lead to more aggressive intervention for minor 

complications given the elective nature of these transplants and 

heightened attention to outcomes. 
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Discussion

• Our dual-approach interpretability framework using SHAP and LIME 

analyses transforms the complex machine learning outputs into 

actionable clinical key points and insights for the readers

• For physicians, this means that the model not only predicts readmission 

risk but also explains why specific patients are classified as high-risk, 

enabling more informed clinical decision-making. 

• While our model identified length of hospital stay and post-transplant 

systolic blood pressure as primary statistical predictors, these 

associations should not be interpreted as directly modifiable intervention 

targets without further investigation. 



Department of Clinical Epidemiology and Biostatistics, Faculty of Medicine Ramathibodi Hospital, Mahidol university

Discussion

• Our findings should therefore guide risk stratification and resource 

allocation rather than suggesting that artificial manipulation of these 

parameters (e.g., prematurely discharging patients or aggressively lowering 

blood pressure) would necessarily reduce readmission risk. Future 

interventional studies are required to determine which factors, if any, 

represent causal, modifiable targets for reducing readmission risk.







Present probability but no 
calibration performance report 
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My Critisms

• Primary endpoint is meaningless.

• Why 30 days?  Why include all hospital contact?  Why not use time-to-event 

model?

• Data leakage during feature selection.

• No calibration performance, no clinical or utility justification for threshold 

used.

• The dataset used already has low threshold for admission due to institutional 

protocol. 

Admission does not means “bad outcome”, but rather the admission is to 

“prevent bad outcome”, so admission is a meaningless label.

• Exceedingly high admission prevalence compared to other place necessitate 

calibration.

• Only association, not causation -> cannot be used to modify protocol

• No sample size justification.

• Is 5-fold CV enough to correct for optimism?

• Most simulation suggest repeated k-fold at least. Or bootstrap.



This recommendation 
cannot be made



It is not.

This model probably will 
make the decision worse.



https://dl.acm.org/doi/10.1145/2783258.2788613

From previous journal club

CEHC study faced the same 
problem in the mid 90s



https://www.bmj.com/content/372/bmj.m4786

Nat Sirirutbunkajorn
Radiation oncologist, Ramathibodi hospital

Department of  Clinical Epidemiology and Biostatistics, Faculty of  Medicine Ramathibodi Hospital, Mahidol university

Nut19012537@gmail.com 



https://www.bmj.com/content/372/bmj.m4786

Automated, electronic, pop-up alert



https://www.bmj.com/content/372/bmj.m4786

Alert increase death in non-
teaching hospital



https://blogs.bmj.com/bmj/2021/01/18/the-challenge-of-minimal-risk-in-e-alert-trials/



https://blogs.bmj.com/bmj/2021/01/18/the-challenge-of-minimal-risk-in-e-alert-trials/
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