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Prediction model for tuberculosis recurrence in newly treated patients

based on machine learning algorithms
KAMILI Mai-ri-ha—ba“, YIMAMU Mai-wu—la—jiang, WANG Yan-jie, WANG Yu-wei, ABULIMITI A-li-mi-re,
KAMILI Mai—di-nu—er, XIANG Yang
“School of Public Health, Xinjiang Medical University, Urumgqi, Xinjiang 830017, China

Abstract: Objective To systematically compare the performance of seven machine learning algorithms in constructing
prediction models for tuberculosis (TB) recurrence among newly treated patients in Kashgar, Xinjiang, providing data support
for optimizing recurrence intervention strategies in high—burden areas. Methods We analyzed 69 476 successfully treated
new TB patients from 2016 to 2022 in Kashgar, with follow—up through 2023. Independent predictors were selected through
multivariate logistic regression. Seven models (logistic regression, decision tree, random forest, multilayer perceptron,
XGBoost, LightGBM, and elastic net) were developed and validated. The optimal model was interpreted using SHapley
Additive exPlanations (SHAP). Results Among 69 476 cases, 9 444 (13.59%) experienced recurrence by 2023. Fourteen
independent predictors were identified. The seven models showed AUC values ranging from 0.705 to 0.762 in the training set,
with the decision tree model performing best (AUC=0.762, 95%CI: 0.758—-0.766) and demonstrating good calibration. SHAP
analysis revealed sputum culture results at diagnosis, local TB burden, and treatment modality as the top three predictive
factors. Conclusion The decision tree model based on routine surveillance data shows high predictive performance for TB
recurrence, with interpretable features that can facilitate early identification of high—risk individuals in clinical practice.
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Table 3 Univariate and multivariate logistic regression analysis of factors influencing recurrence
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Figure 1 ROC curves of the recurrence prediction model for training (A) and validation set (B)
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Figure 2 Calibration curves of recurrence prediction model for training and validation set
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Figure 3  Feature importance ranking, SHAP swarm plot and SHAP value feature dependence plot
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