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Construction of a chronic post-surgical pain prediction model
for posterior lumbar interbody fusion surgery based on
interpretable machine learning
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Abstract: Objective To construct a high-precision and well-interpretable risk prediction model for chronic post-surgi-
cal pain (CPSP) after posterior lumbar interbody fusion ( PLIF) , so as to provide a reliable tool for the early identifica-
tion of high-risk populations and precise prevention in clinical practice. Methods A retrospective study was conducted
on 759 patients who underwent PLIF at our hospital from January 2019 to December 2023, including 375 males and 384

females. The patients were 33-80 (55.28+9.94) years old. All cases were stratified and randomly divided into a training
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set (n=531) and a testing set (n=228) at a ratio of 7:3. A total of 40 characteristic variables were collected from all
patients before, during, and after surgery. After data pre-processing and LASSO regression feature screening, seven
machine learning models were constructed, with area under the curve ( AUC), F1 score, and other indicators as the
core indicator to select the optimal model, and the Shapley additive explanations ( SHAP) tool was used for interpret-
ability analysis. Results Ten core predictive features of CPSP were ultimately selected, among which pain catastroph-
izing scale (PCS) score, preoperative surgical site pain, and complications were the three core driving factors ( cumula-
tive contribution; 48.21% ). The Naive Bayes (AUC=0.914) and logistic regression ( AUC=0.913) models exhibited
excellent performance, and logistic regression had a more balanced overall performance (F1 score=0.685). The Naive
Bayes specificity was as high as 0.958. SHAP analysis clarified the direction and magnitude of the influence of each
feature on the prediction results, revealing the threshold effect of significantly increasing CPSP risk when the PCS score
exceeds 30 points. Conclusion The CPSP risk prediction model based on machine learning has good discriminative
power and clinical interpretability. The core predictive factors provide clear targets for personalized prevention and
control strategies in clinical practice, which helps to promote the transformation of spinal surgery from *“empirical
medicine” to “data-driven precision prevention” .
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Table 1 Comparison of baseline characteristics between training and testing sets
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Figure 1 Characteristic of patients undergoing posterior lumbar interbody fusion surgery
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Figure 4 The core features and coefficient distribution of CPSP prediction selected by LASSO regression
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Table 2 Performance comparison of machine learning model optimized test set
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Figure 5 Comparison of ROC curves of machine learning models on the test set
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