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[Abstract]

This study aims to analyze the factors affecting the use of simple payment service and suggest policy implications. To do this,
the Consumer Behavior Survey from 2017 to 2019, provided by Korea Broadcasting Advertising Corporation, was used to analyze.
This paper divides factors into three categories, namely demographic factors, accessibility and exposure to online service and
acceptance of online contents, to figure out which factors mostly affect the use of simple payment service. The estimation results
reveal that the model including all factors outperforms the models with subsets of factors. Furthermore, it is found that the most
important factors of using simple payment service are variables related to accessibility and exposure to online service. Based on
the results, it is suggested that the policies and strategies, which encourage consumers to experience up-to-date online service, are

necessary for the online simple payment service to develop.
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Table 1. Trend of simple payment
2017 2018 2019
First half |Latter half|First half |Latter half|First half
No of usages 1,601 2,566 | 3,317 | 4,522 | 5,345
Information and |7 | 4e9 | 01 | 810 | 1,016
Communication
Distribution and 14 494 | 5 978 | 2,715 | 3,712 | 4,331
Manufacture
amount of money | 50,748 | 843,33 |111,745|140,679|162,847
Information and 1y, g5, | 177 84 | 21,335 | 27,125 | 33,235
Communication
Distribution and | 57 955 | 66 549 | 90,410 | 113,554 (129,613
Manufacture
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Fig. 1. Research Design
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Table 2. Summary Statistics
Variable Mean SD Min Max
Gender 0.51 0.50 0 1
Age 40.01 14.26 13 69
Married 0.63 0.48 0 1
Household Income(Won) | 522.11 | 197.02 50 1050
No of kids 1.12 0.97 0 5
Using internet or Not 0.67 0.47 0 1
Monthly SNS use 11.39 11.80 0 30
Using simple payment 0.31 0.46 0 1
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Table 3. Individual characteristics Results

Model 1 Model 2 Model 3

Optimal lambda 0.035 0.020 0.096

Optimal threshold 0.358 0.302 0.302

Test set accuracy at
optimal threshold &
lambda

0.722 0.691 0.727

AUC(test set ) 0.748 0.736 0.690

No. of Not selected vars 22 5 26

No. of Selected vars 5 10 1

Total No. of vars in the

model 15
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Table 4. Combinations of characteristics Results
Model 4 Model 5 Model 6
Optimal lambda 0.003 0.005 0.043
Optimal threshold 0.323 0.330 0.320
Test set accuracy at
optimal threshold & 0.737 0.741 0.735
lambda
AUC(test set) 0.801 0.813 0.786
No. of Not selected vars 9 13 28
No. of Selected vars 31 39 12
Total No. of vars in the
model 40 52 40
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Table 5. All characteristics Results
Model 7
Optimal lambda 0.004
Optimal threshold 0.341
Test set accuracy
at optimal threshold & lambda 0.753
AUC(test set ) 0.812
No. of Not selected vars 14
No. of Selected vars 51
Total No. of vars in the model 65*

*17 demographic characteristics, 10 online accessibility variables,
22 online contents acceptance variables and 2 year dummies are
selected.
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