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Tab. 2—1 Literature Review about Customer Churn

A7A D HRA+ ok PE
Morik and Kopcke, (2004) B34 SVM
Yang et al., (2005) A4 SVM
Hur and Lim, (2005) By Neural Network
Xia and Jin, (2008) A Neural Network
Xie et al., (2009) -84 Random Forests
Tsai and Lu, (2009) A Neural Network
Wong, (2011) ZAY Cox Regression
Sharma and Panigrahi, (2011) EAY Neural Network
Chen et al.,, (2012) A Random Forests
Altas and Gulpinar, (2013) A Neural Network
Ascarza and Hardie, (2013) T Hidden Marcov Model
Ismail et al., (2015) A Perceptron
Lee et al., (2017) A Neural Network
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Tab. 2—2 Define Variables with UTAUT
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" F4 (Venkatesh and Goyal, 2010)
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Tab. 3—1 LSTM Confusion Matrix
Confusion Matrix AA Fd 1 AA &4 17
9% Fd 14 3,814 806
g g4 17 582 3,194
Tab. 3—2 LSTM Performance
=3 A% Performance
Accuracy 0.827
Recall 0.799
Precision 0.846
Specificity 0.856
F-1 Score 0.823

Tab. 3—3 Performance by Number of Months Learned

8 e 4 Accuracy
12714 0.827
1171€ 0.818
10704 0.800
N 0.783
8N4 0.768
! 0.753
671 0.736
5704 0.725
471<4 0.709
3N 0.692
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Tab. 3—4 LSTM Hit—ratio

Grade AA F4 1A Ratio
1 769 0.961
2 736 0.920
3 721 0.901
4 628 0.785
5 435 0.544
6 270 0.338
7 150 0.188
8 133 0.166
9 97 0.121
10 61 0.076
3.2 IS H|stN ol TS| st LSTM ¢agse] 58 #folE nlus) l"i?}
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Tab. 3—5 Logistic Regression, SVM, Random Forest, LSTM Accuracy & F—1 Score

Logistic
Bl sesion SVM Random Forest LSTM (RNN)
Accuracy 0.773 0.761 0.769 0.827
F-1 Score 0.770 0.752 0.762 0.823

107



ABl2 A, AI13E A0235, 2023.06

Tab. 3—6 LSTM Accuracy & F—1 Score by Gender

i g Total
Accuracy 0.833 0.841 0.842
F-1 Score 0.822 0.840 0.837

Tab. 3—7 LSTM Accuracy & F—1 Score by Age

Confusion Matrix 20,30H] 40t} 50tH 60t o) Total
Accuracy 0.843 0.822 0.821 0.829 0.842
F-1 Score 0.823 0.816 0.822 0.833 0.837
Tab. 3—8 LSTM Accuracy & F—1 Score by Income(1)
3,000%F ¢ w|gt 3,000% o) 4,000% € o] Total
Accuracy 0.857 0.834 0.817 0.842
F-1 Score 0.874 0.826 0.791 0.837
Tab. 3—9 LSTM Accuracy & F—1 Score by Income(2)
3,000% ¢ ~ 3,500%F ¢ 3,5009 9 ~ 4,000% ¢ Total
Accuracy 0.819 0.819 0.842
F-1 Score 0.804 0.813 0.837
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Prediction of Dormant Customer in the Card Industry

DongKyu Lee* - Minsoo Shin*™*

ABSTRACT

In a customer—based industry, customer retention is the competitiveness of a company, and
improving customer retention improves the competitiveness of the company. Therefore, accurate
prediction and management of potential dormant customers is paramount to increasing the
competitiveness of the enterprise. In particular, there are numerous competitors in the domestic
card industry, and the government is introducing an automatic closing system for dormant card
management. As a result of these social changes, the card industry must focus on better
predicting and managing potential dormant cards, and better predicting dormant customers is
emerging as an important challenge.

In this study, the Recurrent Neural Network (RNN) methodology was used to predict potential
dormant customers in the card industry, and in particular, Long—Short Term Memory (LSTM) was
used to efficiently learn data for a long time. In addition, to redefine the variables needed to
predict dormant customers in the card industry, Unified Theory of Technology (UTAUT), an
integrated technology acceptance theory, was applied to redefine and group the variables used in
the model. As a result, stable model accuracy and F—1 score were obtained, and Hit—Ratio proved
that models using LSTM can produce stable results compared to other algorithms. It was also
found that there was no moderating effect of demographic information that could occur in UTAUT,
which was pointed out in previous studies. Therefore, among variable selection models using
UTAUT, dormant customer prediction models using LSTM are proven to have non—biased stable
results.

This study revealed that there may be academic contributions to the prediction of dormant
customers using LSTM algorithms that can learn well from previously untried time series data. In
addition, it is a good example to show that it is possible to respond to customers who are
preemptively dormant in terms of customer management because it is predicted at a time
difference with the actual dormant capture, and it is expected to contribute greatly to the industry.

Keywords: Customer Churn, Prediction, UTAUT, Machine Learning, Deep
Learning, LSTM
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