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Early Recurrence Prediction Model for DLBCL based on Gaussian Mixture

Model Bi—directional Clustering Resampling and Random Forest
Wang Junxia,Zhang Yanbo, Yu Hongmei, et al ( Department of Health Statistics, School of Public Health, Shanxi Medical
Uiversity , Taiyuan 030001)

[ Abstract] Objective
problem and the within—class imbalance problem of the minority class and the majority class at the same time. And combining it

We apply a class imbalance treatment method that can solve the between —class imbalance

with RF classifier to achieve early recurrence prediction in DLBLC patients, which provided a reference for the treatment of
DLBLC patients. Methods  Firstly, we apply a class imbalance processing method based on Gaussian mixture model bi—
directional clustering resampling to process the data. And compared with ROS, SMOTE, Borderline—1 SMOTE, Borderline—2
SMOTE, GMM oversampling, GMM undersampling, SMOTE+RUS, SMOTE+GMM and GMM+RUS. Afterwards, in order
to verify the performance of RF, we use logistic regression and decision tree models as controls. Finally, the evaluation of the
model is carried out in terms of discrimination and calibration. Results The RF model with GMM~-GMM resampling achieved
relatively optimal classification performance( accuracy=0.79, AUC =0.87, sensitivity =0.71, specificity = 0.87, G-means =
0.79, MSE=0.21). Conclusion GMM-GMM is superior to other traditional resampling methods, and combining it with the
RF model for the prediction of early recurrence in DLBCL patients has achieved relatively good classification results, which can
well realize the prediction of early recurrence in DLBCL patients.
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