TELECOMMUNICATION CUSTOMER
CHURN PREDICTION USING MACHINE
LEARNING METHODS
RELEVANCE
These days telecommunication sector has
grown significantly due to the use of smart
technologies, and it is likely to continue to
grow. The main resource of
telecommunications companies is
customers, but due to the relatively high
level of competition in this field, most
customers are not tied to a single service
company.

CHURN DEFINITION
In the study, user churn is described in two
different ways. Different problem-solving
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CREATED VARIABLES USED FOR CHURN
PREDICTION
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RESULTS
1. Applying the first definition of churn
(estimation of plan purchase probability)

2. Applying the second churn definition
(estimation of the probability of becoming
inactive)

METHOD

ACCURACY

VARIABLE

COEFFICIENT

p-VALUE

k-Nearest Neighbours

70.84%

Ratio of failed calls to total calls

4.88·10-1

<2·10-16

Support Vector Machine 71.97%

Total amount of active days

-7.29·10-3

<2·10-16

Decision Tree

70.68%

Mean call duration

-2.97·10-4

<2·10-16

Random Forest

71.15%

Median between active days

1.31·10-1

<2·10-16

Naïve Bayes classifier

71.15%

Number of contacts called

-4.54·10-3

2.58·10-2

Last plan before (amount of days)

6.88·10-3

<2·10-16

Total amount paid

-1.88·10-3

2.53·10-3

MODEL ACCURACY

76.26%

