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I, Preliminaries

1. Related works
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2. Recurrent Neural Network (RNN)
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Fig. 1. Recurrent Neural Network

lll, The Proposed Scheme

1. Proposed Method
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Fig. 2. Recurrent Neural Network Model

2. Data Set
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3. Results
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Fig. 2. Churn User Feature Extraction
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Fig. 3. Non-Churn User Feature Extraction
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