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[Abstract]

There are 5.88 million changes in address at work or home that occur in credit card companies over a year. We found these changes in
address information events have differentiated customers from risk of default. They were greatly divided into changes of work place
address and home address, into 4 types to measure the size and risk of default.; 1) the types of change of address newly registered, 2) the
changes within the same town-facing area, 3) then moves beyond township-style, and 4) the deleted addresses. Among them, the risk of
default of when workplace addresses are deleted is two to three times higher than other types. Recently, a financial policy was introduced
to refine the credit rating system by activating alternative information based on non-financial transactions. Accordingly, we tried to
exclude financial transaction information and attempted to establish a classification model for customer default risk by simply mixing

address changes and personal information. it is expected that the use of the rule-based default prediction model will be useful.
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Fig. 4. Percentage(left) and default rate(right) of workplace
address deleteers by type of home address change
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Table 1. Configure Variables for Model Deployment

Variable label Variable Description properties
AGE_CCD age group code Class
HOU cd change of home address types Class
OFF _cd change of workplace address types Class
OFF juso TF change of workplace address TF Class
OFF_name_TF change of workplace name TF Class
OFF_phn_TF change of workplace phn number TF Class
Pudo TF default TF Class

HOU af rlstate property prices after change home Numeric

- - address
OFF _af rlstate property prices after change Numeric
- = workplace address

SEX CCD sex group code Class
Job_cd jog group code Class

191

DAFA HARH e MEIE FEAT 2700 2t 7

Data Variable Name ~ Role o Missing ~ Mode Mo Mode2 Hode2

Role Levels percentage percentage
TRAIN  AGECCD INPUT 3 0 5 5691 6 2546
TRAIN  HOU_cd INPUT 5 0 2CON 37.08 MOV 331
TRAIN  OFF cd INPUT 5 0 IN/A 5013 MoV 2193
TRAIN  OFF juso TF INPUT 2 0 0 5295 1 4705
TRAIN  OFF_name_TF INPUT 2 0 0 6287 1 213
TRAIN  OFF_phn_TF INPUT 2 0 0 7181 1 2819
TRAIN  SEX.CCD INPUT 2 0 F 5153 M 4847
TRAIN  Job_cd INPUT 9 0 C 36.16 F 1527
TRAIN  Pudo_TF TARGET 2 0 9881 1 119

i;lt: Variable Name ~ Role ~ Mean ;t:\::;; ;(i);mg Missing  Minimum Median ~ Maxmimum Skewness Kutosis
TRAN ~ HOU.af state INPUT 3730117 2679192 68259 31741 0 219 2410 2577462 9463178
TRAN  HOULbf istate INPUT 3810219 3077165 5970 40330 0 20 240 2575 910774
TRAN ~ OFf af risate  INPUT 4033091 3351792 3478 6524 0 21 240 197%32 448946
TRAN  OFF bfrdtate INPUT 4196887 3538181 29712 70268 0 280 2410 1822718 3516332
a8 15. 2 #5EE flet HeSol 7| SA”

Fig. 15. Basic Statistics of Variables for Model Deployment
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Fig. 16. Subtree Evaluation Chart of Decision Tree
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Fig. 17. Decision Tree Model Result
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Fig. 19. ROC Evaluation Results of Models
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