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Abstract
With  the  growth  of  mobile
communications services and handheld

devices, it led to explosive development in
mobile applications (App). In the gaming
market, mobile applications will reach 20 %
of revenue. Related researchers also noted
that game applications are the biggest source
of revenue compared to other applications.
Currently, there are three major revenue
models, paid Apps (subscriptions), free Apps
(Ad-based) and in-App purchases (virtual
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currency). According to recent surveys,
in-App purchases have become a major trend.
Therefore, the game App providers need to
know what the important factors of affecting
in-App purchase behaviors are. Therefore,
this study attempts to define the potential
factors of influencing in-App purchases for

game users. Then, we use two feature
selection  methods,  Support  \ector
Machine-Recursive  Feature  Elimination

(SVM-RFE) and Least Absolute Shrinkage
and Selection Operator (LASSO) to identify
important factors that affect users in-App
purchases. The findings can be used as a
reference when designing game Apps for
game developers and researchers.

Keywords: Feature selection,
SVMRFE, LASSO.
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