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[Abstract]

In this study, we use a churn prediction model to identify the subscribers who are likely to churn and when they would churn
to perform active customer churn management in the home appliance rental business. To this end, demographic information,
contract details, and customer-company interaction data such as customer call/visit history, were comprehensively analyzed to
develop the survival analysis-based churn prediction model. An actual operational dataset containing 279,259 accounts for water
purifiers (not the benchmark dataset) was applied to the model for predicting each customer's churn time using machine
learning-based Survival Analysis. The best performance of the model was evaluated to be about 75% based on c-index in
ExtraSurvivalTrees, which is an extension of RandomSurvivalForest algorithm. By calculating the probability of churn by period
based on the survival function, we aim to select customers with a high probability of churn after the target month according to
the retention marketing strategy and support them to execute churn prevention activities.
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I 1. Experimental hypotheses, evaluation methods and
expected utilization scenarios
Table 1. A&A JHd, ©ot g gl of & &8 AlLE[2

EASHA] B=tt

Item

Description

Hypotheses

— The churn rate and accuracy of the model will
differ depending on the customer group and
cutoff bin.

— The higher the cutoff bin number, the higher
the churn rate and accuracy.

Evaluation
plan

— Check accuracy by comparing customers
predicted by the model with customers who
actually canceled

— The customer group is divided into @ 0 to less
than 36 months @ each month from 36 to 43
months, ® over 43 to 60 months for
performance evaluation

— Comparison of churn rate and accuracy
calculation by section with cutoff bin 0.1 unit

Expected
utilization
scenario

— Scope regulations for churn defense action by
considering the actual churn rate and model
accuracy by section

1873

E 2. Experiment method and target audience
Table 2. Al gk ol CjAb DM

[tem Description

Experiment | Churn detection performance of prediction
scenario | models according to cut-off bins

Conduct an experiment to infer the probability

Experiment | that a customer will churn within a specific period
method | (1 year/6 months) based on the predicted model

inference results at a random experiment point

@ Estimation of churn probability within 12
months as of January 1, 2021
— Information on customers using the water
purifier service as of January 1, 2021
(1) Contract Creation Date: Before January 1,
2021
(2) Contract Status: In Use

Target (3) Cancellation completion date period: January
audience |2nd — December 31st, 2021

data @ Estimation of churn probability within 6
months as of July 1, 2021
- Information on customers using the water
purifier service as of July 1, 2021
(1) Contract Creation Date: Before July 1, 2021
(2) Contract Status: In Use
(3) Cancellation completion date period: July 2nd
— December 31st, 2021
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Customer accounts(%) by cut-off bins according to usage months
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Customer accounts(%) by cut-off bins according to usage months
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E 3. Predictive performance of the model from the experiments
Table 3. A8lozEE TEE Uo| ofE M

. Performance Entire 36 to 43 month
Experiments ’
metric accounts account
Estimation Precision 7% 22%
of churn
probability | Top 10% precision 10% 26%
within 12
months as Recall 95% 91%
of January
1, 2021 Top 10% recall 50% 25%
Estimation Precision 3.5% 6.4%
of churn
probability | Top 10% precision 5.5% 8.4%
within 6
months as Recall 94% 93.6%
of July 1,
2021 Top 10% recall 43% 28%
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