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Machine Learning-Based Prediction of 30-Day Hospital 
Readmission in Patients with Chronic Kidney Disease: 
A Retrospective Cohort Study

Houshang Sanadgol,1 Sedigheh Barati,1*# Nasibeh Rady Raz2,3*#

Introduction. Chronic Kidney Disease (CKD) is associated with 
high 30-day hospital readmission rates due to progressive renal 
dysfunction, multiple comorbidities, and complications related to 
dialysis and catheter use. Artificial Intelligence (AI) and Machine 
Learning (ML) offer promising tools for early identification of high-
risk patients. To develop and evaluate ML models for predicting 
30-day hospital readmission among CKD patients and identify 
key clinical and laboratory predictors related to readmission risk.
Methods. This retrospective study analyzed 277 hospitalized patients 
with CKD at Hasheminejad Kidney Center (2019–2022). Forty-four 
demographic, clinical, and laboratory features were included. 
Preprocessing included handling missing data, normalization, 
outlier removal, categorical encoding, and oversampling. Six ML 
models, including eXtreme Gradient Boosting (XGBoost), Random 
Forest, Decision Tree, AdaBoost, Multilayer Perceptron (MLP), and 
Logistic Regression, were trained using a 70/30 train-test split with 
cross-validation. Feature selection employed SHAP values, mutual 
information, F-values, SVM, and chi-squared tests.
Results. XGBoost outperformed other models (accuracy > 90%). 
The strongest predictors were estimated Glomerular Filtration Rate 
(eGFR), Blood Urea Nitrogen (BUN) and creatinine levels, age, 
presence of diabetes mellitus and hypertension, catheter-related 
infection, and triglycerides, intact Parathyroid hormone (iPTH), 
and albumin levels. Catheter infection emerged as a modifiable, 
high-impact predictor. The SHAP values analysis confirmed strong 
contributions of kidney function markers, inflammatory indicators, 
and metabolic variables to re-admission risk.
Conclusion. ML-based prediction models, particularly XGBoost, 
demonstrated high accuracy in identifying CKD patients at risk 
of 30-day readmission. Integration of these models into clinical 
workflows may improve early intervention, reduce hospital 
readmissions, and support evidence-based nephrology care.
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INTRODUCTION
Chronic Kidney Disease (CKD) affects more 

than 850 million individuals globally, constituting 
a significant cause of morbidity, mortality, and 
healthcare expenditure. With a global prevalence 

of 11–13%, CKD is most frequently associated with 
diabetes mellitus and hypertension.1,2 Due to the 
progressive nature of renal dysfunction, multiple 
comorbidities, recurrent infections, and dialysis-
related complications, CKD patients experience 
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disproportionately high rates of unplanned 
hospital readmissions. Thirty-day readmission 
rates often exceed 15–30%, reflecting significant 
clinical instability.3,4

The integration of AI into healthcare has 
significantly enhanced the potential to improve 
patient care and predict clinical outcomes.5-7 

Specifically, the application of machine learning 
(ML) and deep learning (DL) algorithms, particularly 
recurrent neural networks (RNNs) and long short-
term memory (LSTM) networks, has proven effective 
for processing temporal clinical data and forecasting 
future events from historical patient records.8 
Furthermore, the Binary Grey Wolf Optimization 
method is used for feature subset selection to 
improve the accuracy of CKD prediction.9 Also, ML 
algorithms and the Internet of Things (IoT) are used 
for alarming and predicting the requirement for 
blood transfusion, considering patient variability.10 

This study aimed to develop ML-based predictive 
models for hospital readmission in patients with 
CKD, evaluate their performance, and identify the 
strongest predictors of readmission risk.

MATERIALS AND METHODS
Study Design and Setting

A retrospective cohort study was conducted 
at Hasheminejad Kidney Center in Tehran, Iran. 
Eligible patients were adults (> 18 years old) with 
CKD who were hospitalized and subsequently 
readmitted within 30 days between 2019 and 2022. 
The minimum sample size was determined using 
G*Power version 3.1.9.2, applying a chi-square 
goodness-of-fit test with the following parameters: 
alpha = 0.05, power = 0.8, and effect size = 0.3, 
yielding a sample size of 100 participants. 

Participants
A total of 285 patients were screened; after 

excluding those with incomplete records, 277 were 
included. Data were anonymized and approved 
by the institutional ethics committee.

Data Collection
A total of 44 variables were extracted from 

medical records:
Demographic and clinical variables
•	 Age, sex
•	 CKD stage (I–V)
•	 Diabetes mellitus

•	 Hypertension
•	 Heart failure
•	 Catheter presence, catheter infection, catheter 

dysfunction
•	 Glomerulonephritis, polycystic kidney disease
•	 Dialysis treatment
•	 Urinary tract infection (UTI) and respiratory 

infection
•	 Surgical and transplant-related data

Laboratory variables
•	 Renal markers: Estimated Glomerular Filtration 

Rate (eGFR), Blood Urea Nitrogen (BUN), and 
creatinine levels

•	 Hematologic indices: Hemoglobin (Hb) level, 
White Blood Count (WBC), platelets

•	 Inflammatory markers: C-reactive protein 
(CRP), erythrocyte sedimentation rate (ESR)

•	 Electrolytes: serum sodium (Na), potassium 
(K), calcium (Ca), and phosphate (P) levels. 

•	 Albumin, intact Parathyroid Hormone (iPTH), 
lipid profile (cholesterol, triglycerides)

•	 Urine RBC, WBC, protein

Preprocessing
Variables with > 90% missing data were removed. 

Then, median imputation was performed for missing 
continuous variables. Moreover, the encoding 
process for categorical variables, including gender, 
CKD stages, and 13 comorbidities, was done. 
Standardization was applied to normalize the 
distribution and prevent dominant features with 
large values. Outlier detection and removal were 
performed. To mitigate potential learning bias 
arising from data limitations and class imbalance, 
data augmentation via oversampling was employed. 
It is noted that imputation, standardization, outlier 
removal, and oversampling were all applied after 
the train-test split to avoid data leakage. 

Feature Selection
Five machine learning methods were applied to 

identify significant factors affecting readmissions 
in patients with CKD and to address overfitting 
in imbalanced data, including SHAP (SHAPley 
Additive exPlanations) values, Mutual Information, 
F-statistics, Support Vector Machine (SVM) ranking, 
and the Chi-Squared test. Note that feature selection 
is performed after the train-test split to avoid data 
leakage.
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Machine Learning Models
Readmission prediction was performed using six 

ML algorithms commonly employed in predictive 
models for their diverse learning approaches: the 
eXtreme Gradient Boosting (XGBoost), Random 
Forest, Decision Tree, AdaBoost, Multilayer 
Perceptron (MLP), and Logistic Regression. XGBoost 
is a supervised learning boosting algorithm 
that uses gradient-based optimization. This ML 
algorithm is practical, given its properties of 
quickness, efficiency, and scalability with large 
datasets. Additionally, the Random Forest is an 
ML algorithm that uses multiple decision trees, 
collectively referred to as a “forest,” to make 
predictions.11 Moreover, a decision tree is a 
recursive partitioning-based decision system that 
uses a tree-like structure for decision-making. Also, 
AdaBoost is a boosting technique that sequentially 
combines several weak classifiers to produce 
a strong classifier. Furthermore, the MLP is an 
artificial neural network with multiple layers of 
neurons arranged in a hierarchical structure. Finally, 
logistic regression is a supervised ML algorithm 
used for classification problems. 

Each algorithm’s performance was evaluated by 
its ability to predict readmission, while accounting 

for clinical parameters such as catheter use, CKD 
stage, diabetes mellitus, hypertension, polycystic 
kidney disease, UTI, and respiratory infection. For 
implementation, Python 3 was run on an Intel® 
Xeon® CPU operating at 2.30 GHz, with 12 GB 
of RAM and 100 GB of disk space. The data were 
split into training and test sets in a 70%:30% ratio 
to facilitate model evaluation.

Evaluation Metrics 
Model evaluation was performed using accuracy, 

Precision, Recall, F1-score, ROC-AUC, 5-fold 
cross-validation, and nested cross-validation. The 
accuracy of the selected variables was calculated 
using the formula Accuracy = (true positives + 
true negatives) / (true positives + true negatives 
+ false positives + false negatives). Table 1 and 
Figure 1 show the results.

RESULTS
Patient Characteristics

The cohort was first statistically analyzed as 
follows:

•	 Mean age: 52 years
•	 60% male
•	 63% older than 60 years

Figure 1. The Comparison of the ROC of the ML Algorithms.
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Patient Case
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•	 49.5% at CKD stage V
•	 39% diabetic
•	 41% hypertensive
•	 19% catheter infection
•	 29% undergoing dialysis

Key Predictors
To analyze relationships among variables, 

correlation coefficients and P-values were first 
calculated. Results revealed correlations and 
predictive effects between patients’ previous and 
current admission values for Cr, Hb, BUN, PLT, 
and WBC. Additionally, significant correlations 
were observed between Cr and BUN, iPTH and 
Cr, CRP and ESR, urine WBC and RBC, and urine 
RBC and protein. During feature engineering, when 
variables show high correlations (0.8-1.0), one of 
the two is eliminated to prevent overfitting. 

Feature importance was assessed using machine 
learning algorithms, including SHAP values, mutual 
information, F-values, SVMs, and Chi-squared 
tests, to identify the most effective predictors 
of readmission. Feature importance algorithms 
identified the most influential parameters associated 
with readmission among patients with CKD across 
stages. When XGBoost is used as the primary 
predictive model, eGFR, BUN, and creatinine are 
the most important predictors. Specifically, eGFR 
was the most predictive factor for readmission in 
patients with CKD. Across all feature-selection 
methods, the top predictors were:

•	 eGFR (primary predictor)
•	 BUN and creatinine levels
•	 Age
•	 Diabetes mellitus and hypertension
•	 Catheter infection and dysfunction
•	 Albumin and iPTH levels
•	 Triglyceride levels

Model Performance
Among artificial intelligence algorithms used to 

predict the most effective variables associated with 
hospital readmission in patients with CKD, XGBoost 
and RF generally outperformed other algorithms. 
For readmissions with diabetes mellitus and HTN, 
the model requires more specific parameters to 
achieve better performance. 

Additionally, the model’s performance at the 
“CKD stage” is compared with that of other 
features, including catheter, diabetes mellitus, 

HTN, polycystic kidney, and UTI. Therefore, the 
separate results of each of the five CKD stages 
are not the aim of the research. Thus, the average 
results across the five CKD stages are reported in 
Table 1. However, the results of model performance 
analysis by CKD stage indicate that the model 
performs better in patients with late-stage CKD, 
as the dataset contains more in patients with late-
stage than those with early-stage CKD. 

Furthermore, 5-fold cross-validation (CV) 
and nested 5-fold CV were used to evaluate the 
generalization and performance of the proposed 
model .  Moreover ,  the  Receiver  Operat ing 
Characteristic (ROC) and Area Under the Curve 
(AUC) values of the algorithms were compared 
in Figure 1. The model curve, which is closer to 
the top-left corner and has a higher AUC value, 
performs better. Therefore, the results indicate that 
XGBoost outperforms the other models. 

In conclusion, XGBoost performed best:
•	 Accuracy > 90% (Table 1)
•	 High ROC-AUC (Figure 1)
•	 Best generalizability in nested CV (Figure 2)
Random Forest and MLP showed moderate-

to-strong performance. Logistic Regression and 
AdaBoost performed modestly. Decision Trees 
showed the weakest performance.

SHAP Values Analysis
Model interpretability was evaluated using 

SHAP values in Figure 3 for the readmission model 
for patients with catheters. The Y-axis shows the 
feature’s global importance, and the X-axis shows 
the SHAP value for a prediction. A feature with 
greater impact on the model is shown in red, and 
a feature with lower impact is shown in blue. 

SHAP values plot revealed:
•	 Increasing risk with catheter infection, low 

eGFR, high BUN/Cr, advanced age, diabetes 
mellitus, inflammation (CRP/ESR), and 
metabolic abnormalities.

•	 Higher albumin and higher eGFR were 
protective.

DISCUSSION
Chronic kidney disease represents a significant 

global health challenge, accompanied with high 
morbidity and substantial economic burden. 
Hospital readmissions among CKD patients are 
frequent and costly, arising from a complex 
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interplay of clinical, systemic, and social factors.3,11 
The current study focused on hospitalized patients 
with chronic kidney disease. It employed advanced 
artificial intelligence algorithms to identify factors 
associated with readmission and to assess the 
predictive performance of these models.

The findings underscored the critical roles 
of catheter use, eGFR, BUN, Cr, diabetes, age, 
triglycerides (TG), and catheter infections in 
predicting hospital readmission rates. Additionally, 
it identified chronic conditions such as diabetes, 
HTN, and heart failure as the most prevalent 
comorbidities among these patients. 

Moreover, the findings revealed a significant 
association between inflammatory markers (CRP 
and ESR) and hematological parameters (WBC, 
Hb, and PLT) in relation to kidney injury and 
CKD progression. Markers such as CRP and ESR 
reflect systemic inflammation, which exacerbates 
the decline in kidney function and increases the 
risk of complications. In the current study, feature-
importance algorithms identified critical predictors 
of hospital readmission, including catheter use, 
eGFR, BUN, Cr, and TG levels, diabetes, increasing 
age, and catheter-related infections. Diabetes 
mellitus, hypertension, and heart failure were 
strongly associated with readmission, whereas BUN 
and Cr levels showed the strongest correlations. 
Predicting CKD progression in diabetic patients 

remains a challenge, with studies highlighting the 
impact of older age, HTN, heart disease, elevated 
serum Cr, and reduced eGFR on CKD risk.12 

Overall, the current study demonstrates the 
effectiveness of the XGBoost algorithm in accurately 
predicting hospital readmissions among patients 
with CKD. The results emphasize the critical role 
of key clinical parameters, specifically catheter use, 
eGFR, BUN, Cr, and TG levels, diabetes, increasing 
age, and catheter-related infections as essential 
predictors of readmission risk. This highlights the 
potential to integrate these clinical indicators with 
advanced artificial intelligence-based prediction 
models to improve the identification of at-risk 
patients significantly. Such integration can empower 
healthcare providers to implement targeted 
preventive interventions, thereby improving patient 
outcomes and reducing the burden of hospital 
readmissions in this vulnerable population. 

Currently, physicians make subjective decisions 
about readmission based on their skills and 
experience. The proposed AI-based readmission 
system leverages electronic health record (EHR) 
data and enables real-time predictions that 
align with clinical workflows; therefore, it is 
particularly beneficial for young doctors with 
limited experience. Also, in complex cases, the 
AI-based system thoroughly considers all available 
data to predict readmission. Overall, this study 
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provides valuable insights into the application of 
AI in CKD management, suggesting pathways for 
future research and clinical practice to optimize 
care for these patients.

Study Limitations
•	 Single-center retrospective design
•	 Limited sample size
•	 Absence of socioeconomic and medication-

related variables
•	 Lack of external validation on other populations

CONCLUSION
Hospital readmissions in chronic kidney disease 

(CKD) impose a substantial burden on healthcare 

systems, underscoring the need for reliable risk 
stratification. In this study, we developed and 
validated a predictive model for 30-day readmissions 
using XGBoost, with performance assessed through 
standard and nested 5-fold cross-validation and 
compared with other machine learning approaches, 
where XGBoost showed the best performance. 
Model interpretability was assessed using SHAP 
analysis. The findings underscore the importance 
of key clinical parameters, specifically catheter use, 
eGFR, BUN, Cr, and triglyceride levels, diabetes, 
age, and catheter infections, as critical predictors 
of readmission risk. This suggests that integrating 
these clinical indicators with advanced AI-based 
prediction models can significantly enhance the 

Figure 3. SHAP values.
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identification of patients at risk. Further work 
should focus on prospective validation and clinical 
implementation to support targeted interventions 
and reduce readmissions in this population.

HIGHLIGHTS
•	 ML can accurately predict 30-day hospital 

readmission in CKD patients.
•	 XGBoost achieved the highest predictive 

performance (> 90% accuracy).
•	 eGFR, BUN, and creatinine were the strongest 

predictors.
•	 Catheter infection is a major modifiable risk 

factor.
•	 ML integration can improve early intervention 

and reduce readmissions.
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