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Article Info ABSTRACT
Article type: Customer churn is a financial term that refers to the loss of a customer.
Research Article Due to many banks, losing customers from one bank to another has

become a severe concern for different banks. Therefore, in this article,
which has been compiled for the customers of a bank, it is possible to
identify customers who have a high probability of falling by considering
the behavior and characteristics of the customers before the fall occurs
and to keep them by providing suggestions. In marketing, everyone
agrees that keeping a customer is much less expensive than attracting a
new customer, so this article introduces the different phases of predicting
customer churn with the help of machine learning. The proposed method
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