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(Table 1) Machine Learning-Based CRM Studies

Category Research Key Finding
Hong and Suh K-means applied tc? the .customer's p.sychologi.cal .statistical
data and used discriminant analysis and artificial neural
Single 2004 . .
network to predict the customer segmentation.
¢ model
Cus ome.r Prove that it is more meaningful to manage only selected
Segmentation Chang 2005 .
customer groups through pre-segmentation.
Hybrid Oh et al, 2018 Suggests how to predict churn based on online role-playing
model game (MMORPG) user types
. Prediction of Customer churn in Unbalanced Data Using
Y. Xie and Lee, 2008 Linear Discrete Boosting (LD-Boosting)
Single
model Propose a churn prediction model to investigate the social
Kawale et al., 2009 influence of game players and their personal participation in
Churn games.
Prediction — - -
Tsai et al., 2009 Development of a. new model combining clustervm.g techniques
Hybrid and classifier ensembles for churn prediction.
model
Xie et al., 2009 Proposal of Balance'd Random Forest (IBRF) Method for
Predicting Customer churn
P 1 of D ic It luster-B 11 ti
Wen and Zhou, 2012 roposal of Dynamic Item Clus er ased Collaborative
Single Filtering Recommendation System.
model : :
P 1 of clust h th 1
Recommendation Pham et al., 2011 Proposal of clustering approac based on the socia
. information of users to derive the recommendations.
Service
Hybrid Propose a method for the new customer recommendation by
m}:) del Cho and Bang, 2011 using a combined measure based on three well-used centrality
measures to identify the customers.
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(Figure 1) Research Model
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g W FolA olgel Sl fejvlsiri et
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70%E 23 o, YA 30%= 2E 2S5
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AL sidsty] el LS 7IHSs 48
3Tk B AT AgE AA 32 elojele]
AEA Q] A& <Table 2>9F 2t}
(Table 2) Customer Data
Label Number Rate Total
Male 294,795 | 54.48%
Gender Female 200,248 | 37.01% | 541,075
Uncertain 46,032 8.51%
20s 91,499 16.91%
30s 98,686 18.24%
40s 158,465 | 29.29%
Age 541,075
50s 118,428 | 21.89%
60s 53,348 9.86%
70s + 20,649 3.82%
Not Churned | 472,007 87.2%
Churn 541,075
Churned 69,068 12.8%
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Two-dnjnensmnal Churn Pattern Analysis and Model Training and
Measurement of Loyalty Segmentation based on F
Grouping Testing
Loyalty

(Figure 2) CCP/2DL Processes

(Table 3) Measurements of Customer Loyalty

Quantitative Loyalty

Longevity (months), Total Donation during recent 1 year (won)

Quallitative Loyalty

Donation at one time(Y/N), No. of Inbound Interaction (#), No. of Outbound Interaction (#),
Intimacy of Information Receiving (score), etc.
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[ 4095/26785
ek | (15.29%)
G4: No Communication G1: Core Customers
141/2888 4 593/8222 42 502/6051 43
(4.88%) (7.21%) (7.22%)
60+
831/16260 3 2307/22895 32 745/7946 33
(5.11%) (10.08%) (9.38%)
304+
751/6523 23
(11.51%)
204
2097/5365 1°
(39.09%)
| 1
T )
0 35 70

(Figure 3) Two-dimensional Segmentation and

69068/541075
(12.76%)

1236/18061
(6.84%)

3883/47110
(8.24%)

Qualitative Loyalty

Churn Pattern Grouping

Customer
Churn Score Churn Alerts
# %
- Very
95 . Dangeiaus 4,481 | 2.77%
80~95 Dangerous 9,727 6.02%
50~80 Cautious 18,123 |11.21%
MNeed
20~50 AatanHan 51,601 31.92%
~20 Safe 77,748 48.09%
Total 161,680 100%

Shumed Churn Ratio in
# % Alert Level
4406  21.72% 98.33%
7,957 39.23% 81.80%
4,236  20.88% 23.37%
2,922 14.41% 5.66%
763 3.76% 0.98%
20,284 100% 12.55%

(Figure 4) Validation Test Result for the Selected Model
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O|XH TAZBME MIOIMHE J|Hte| nZo|H0|Z BHE
(Table 4) Research Result
Scenario Accuracy Precision Recall Specificity F1-score
1. General Churn Prediction Process 0.793 0.343 0.686 0.809 0.457
2. Clustering-based Churn Prediction Process 0.888 0.522 0.725 0.903 0.607
3. CCP / 2DL* 0915 0.667 0.677 0.950 0.672

0.915

I 0.667

Accuracy Precision Recall specificity

0.88

&

0.793

o
~
]
v

=
o
=
=

0.672

LTINS

g General Chum Prediction Process # Churn Prediction Process based on Clustering u CCP/2DL*

(Figure 5) Performances between Predictive Processes
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Abstract

A Methodology of Customer Churn Prediction
based on Two-Dimensional Loyalty
Segmentation

Hyung Su Kim* - Seung Woo Hong**

Most industries have recently become aware of the importance of customer lifetime value as they
are exposed to a competitive environment. As a result, preventing customers from churn is becoming a
more important business issue than securing new customers. This is because maintaining churn customers
is far more economical than securing new customers, and in fact, the acquisition cost of new customers
is known to be five to six times higher than the maintenance cost of churn customers. Also, Companies
that effectively prevent customer churn and improve customer retention rates are known to have a positive
effect on not only increasing the company's profitability but also improving its brand image by improving
customer satisfaction.

Predicting customer churn, which had been conducted as a sub-research area for CRM, has recently
become more important as a big data-based performance marketing theme due to the development of
business machine learning technology. Until now, research on customer churn prediction has been carried
out actively in such sectors as the mobile telecommunication industry, the financial industry, the distribution
industry, and the game industry, which are highly competitive and urgent to manage churn. In addition,
These churn prediction studies were focused on improving the performance of the churn prediction model
itself, such as simply comparing the performance of various models, exploring features that are effective
in forecasting departures, or developing new ensemble techniques, and were limited in terms of practical
utilization because most studies considered the entire customer group as a group and developed a predictive
model. As such, the main purpose of the existing related research was to improve the performance of the
predictive model itself, and there was a relatively lack of research to improve the overall customer churn
prediction process. In fact, customers in the business have different behavior characteristics due to
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heterogeneous transaction patterns, and the resulting churn rate is different, so it is unreasonable to assume
the entire customer as a single customer group. Therefore, it is desirable to segment customers according
to customer classification criteria, such as loyalty, and to operate an appropriate churn prediction model
individually, in order to carry out effective customer churn predictions in heterogeneous industries. Of
course, in some studies, there are studies in which customers are subdivided using clustering techniques
and applied a churn prediction model for individual customer groups. Although this process of predicting
churn can produce better predictions than a single predict model for the entire customer population, there
is still room for improvement in that clustering is a mechanical, exploratory grouping technique that
calculates distances based on inputs and does not reflect the strategic intent of an entity such as loyalties.

This study proposes a segment-based customer departure prediction process (CCP/2DL: Customer
Churn Prediction based on Two-Dimensional Loyalty segmentation) based on two-dimensional customer
loyalty, assuming that successful customer churn management can be better done through improvements
in the overall process than through the performance of the model itself. CCP/2DL is a series of churn
prediction processes that segment two-way, quantitative and qualitative loyalty-based customer, conduct
secondary grouping of customer segments according to churn patterns, and then independently apply
heterogeneous churn prediction models for each churn pattern group. Performance comparisons were
performed with the most commonly applied the General churn prediction process and the Clustering-based
churn prediction process to assess the relative excellence of the proposed churn prediction process. The
General churn prediction process used in this study refers to the process of predicting a single group of
customers simply intended to be predicted as a machine learning model, using the most commonly used
churn predicting method. And the Clustering-based churn prediction process is a method of first using
clustering techniques to segment customers and implement a churn prediction model for each individual
group.

In cooperation with a global NGO, the proposed CCP/2DL performance showed better performance
than other methodologies for predicting churn. This churn prediction process is not only effective in
predicting churn, but can also be a strategic basis for obtaining a variety of customer observations and
carrying out other related performance marketing activities.

Key Words : Customer Churn Predictive Model, Customer Relationship Management, Customer Loyalty,
Customer Big data, CCP/2DL
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