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Application of Deep Neural Networks into Classification in Irregular Time
Series Data of Patients with Diffuse Large B—cell Lymphoma

Li Qiong,Zhang Yanbo, Yu Hongmei,et al( Department of Health Statistics ,School of Public Health ,Shanxi Medical University
(030001) , Taiyuan )

[ Abstract)
to predict the recurrence risk of 362 patients with diffuse large B—cell lymphoma( DLBCL)in a hospital in Shanxi from 2014 to

Objective To investigate the classification effect of deep neural networks in irregular time series data, and

2020. Methods A total of 362 diagnosed DLBCL patients who achieved complete remission after initial chemotherapy were
collected retrospectively, and the recurrence risk was predicted within the next two years. First, LASSO regression was used to
screen the variables. Then a deep neural network model of irregular time series data based on GRU-ODE-Bayes was constructed
and compared with some traditional models and other deep neural network models. Results Among all the models under study,
the traditional models do not perform as well as the deep neural network models in classification. The GRU-ODE-Bayes model
was the best, with AUC of 0.85, sensitivity of 0.84, specificity of 0.71, and G-means of 0.77. Conclusion Compared with
other models, the GRU-ODE-Bayes model can predict the recurrence of DLBCL patients more accurately. It could benefit the

individualized treatment for patients and decision—making for physicians.
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