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METHODS

➢ We successfully identified key early clinical and biological 

predictors of PPP six months after TKA using ML, 

achieving acceptable discrimination ability. 

➢ TARC levels in PACU consistently emerged as the most 

important feature across multiple models, alongside OR 

tourniquet time and PACU MIP1beta levels. 

➢ These findings highlight the importance of incorporating 

cytokine analysis and patient-specific pain profiles in 

predicting PPP, suggesting that integrating high 

dimensional clinical and biological data can improve early 

identification of high-risk patients.

➢ Future works may focus on comparing findings using 

NRS≥3 as PPP definition.
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➢ PPP: n=79 (49.4%) vs Non-PPP: n=81 (50.6%).

➢ Top features associated with higher risk of PPP included:

▪ higher plasma thymus- and activation-regulated 

chemokine (TARC) levels in the PACU

▪ higher preoperative NRS pain score at rest

▪ longer tourniquet time in the OR

▪ higher plasma IFN Gamma in PACU

▪ lower worst preoperative NRS score

➢ Most consistently important features across models are 

highlighted in red boxes in the Figure.
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Data Preprocessing

• Missing value imputation

• One-hot encoding 
(categorical)

• Standardization 
(continuous)

Feature Selection

• Sequential selection

▪ Pre-/intra-/post-op

• Top k most frequent 
variables

Modeling

• Penalized Logistic Regression

• Random Forest

• Gradient Boosting Decision Tree

• XGBoost

Performance Evaluation

• Accuracy, Sensitivity, 
Precision, ROC-AUC

Variable Importance Ranking

• Average SHAP values across 10 
testing folds.
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