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Abstract In-game purchases are one of the important factors that directly affect a company’s
revenue. In total, 95% of gamers do not pay for in-game purchases, meaning that a small number of
gamers are responsible for most of the revenue of the company behind their games. For this reason,
game companies must maintain and augment these few purchasing gamers. In this paper, we extracted
seven cognitive psychological features (competitive, challenge, loyal, social, activity, efficient, and
sincerity) that can be used to estimate the cognitive psychology of a gamer by using log data of a
mobile RPG game. We analyzed the gamers, classified by payment amount, based on seven cognitive
psychological features. As a result, the cognitive psychological features and payment amount of the
gamers could be correlated. In addition, using seven cognitive psychological features, we predicted the
purchasing behavior of gamers with high accuracy. This implies that gamers can be analyzed based on
their cognitive psychology and the gamer’s purchases can be predicted with comparatively high performance.

Keywords: cognitive psychology, purchase prediction, mobile gamer, gamer analysis, soulgauge,
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Fig. 1 Purchase prediction model
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Table 1 Percentage of purchase gamers who have played

for more than a certain amount of time

play time total gamer purchase gamer ratio
1 hour 22540 625 2.77%
2 hours 15100 623 4.13%
3 hours 11735 620 5.28%
4 hours 9778 617 6.31%
5 hours 8376 614 7.33%
10 hours 5187 600 11.57%
24 hours 2730 553 20.26%
48 hours 1572 472 30.03%
72 hours 1044 381 36.49%
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Table 2 Seven cognitive psychological features

cognitive
psychological explain

feature

Competitive | An indicator of how competitive a gamer is

Challenge | An indicator of how challenging a gamer is
Loyal An indicator of how loyal gamer is in the game
Social An indicator of the sociality of gamer

Activity An indicator of the activity of gamer

Efficient An indicator of how effective behavior gamer does

Sincerity | An indicator of how sincere a gamer is
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Table 3 Feature extraction for cognitive psychological analysis

cognitive psychological 33 kind of Primary features
feature
Competitive Fi}dBattleLog/playday, Pay sum, Exp Increase, Arenal.og/playday, RankLog/playday, Battlezone
Kill count
Challenge Gacha/playday, Combine/playday, Enchant/playday, DungeonDead/dungeon Count, arenalog/playday
Loyal A‘ttendanceRatio, Playtime/playday, DailyBonus/playday, PayLog/playday, Pay sum, VIP level,
ChatLog/playday
Social PartyLog/playday, ChatLog/playday, ClanLog count
Activity QuesFLog/playtime, DunggonLog/playtime, Enchz{ntLog/playtime, Ar.enaLog/playtime, Fam'lLog/
playtime, MoneyLog/playtime, CombinelLog/playtime, CraftLog/playtime, PetltemlLog/playtime
Efficient FreeBitRatio, BonusLog/playday, EventBonusLog/playday
Sincerity BonusLog/playday, PlayTime/playday, FreeGachalog/playday, DailyQuestLog/playperiod
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Table 4 Relationship between cognitive psychological features and payment amount

cognitive psychological Relationship with payment amount
feature
. This feature is proportional to the payment amount. It is one of the features that show the
Competitive . .
biggest difference by payment amount.
Challenge This feature is proportional to the payment amount. However, the difference between dolphin
gamers are not large.
Loyalty This feature is proportional to the payment amount, but the difference is not large.
Social This feature is proportional to the payment amount. It is one of the features that show the
biggest difference by payment amount.
Activity No correlation.
This feature is inverse proportional to the payment amount, but the difference is not large.
Efficient However, minnow gamers are higher than the no-charge gamers. This is supposed to be
because the no-chareg gamer is not passionate about the game.
Sincerity No correlation.
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Table 5 Cognitive psychological analysis by gamer type based on payment amount

type Relationship with payment amount

noPay

the game.

This type has low cognitive psychological features overall, but ‘sincerity’ and ‘efficient’ features are relatively
high. As a result, this type has little interest in the game and is enjoying the game lightly. However, in order
to reduce the gap with other charging gamers, it seems that they are doing sincere and efficient actions in

minnow

other high charging gamers.

This type is a little higher cognitive psychological features overall than ‘noPay’ gamers but has lower cognitive
psychological features than the other types. However, ‘activity’, ‘efficient’ and ‘sincerity’ features are relatively
higher than the other types. This type is considered to be a gamer who enjoys the game with the minimum
amount of payment in the game and play the game faithfully and efficiently in order to reduce the gap with

dolphin

This type has a highest ‘social’, ‘loyal’ and ‘competitive’ features except for whale gamer. However, the other
features are relatively lower than the other types.

whale

in-game purchase.

This type has a highest ‘social’, ‘loyal’ and ‘competitive’ features, but the ‘activity’ and ‘efficient’ features are
low. This is supposed to be an advance in competition with other gamers by replacing active benefits with

%6 Pl Ze] A18E HlojE Al

Table 6 Data set used for purchase prediction

F 7 3ARE o)} Edle] Aol ZIE FoidE

Table 7 Purchase prediction of gamers with over three

data log explain hours of play time

Basic 41 kinds of logs 44 basic raw log counts data set | algorism | accuracy | precision | recall |Fl-score

Primary | 33 kinds of logs 33 statistical features DT 0.8129 0.8122 0.8161 0.8133

C&P 7 kinds of logs 7 cognitive psychological Basic RF 0.8774 0.8637 | 0.8984 | 0.8800

features ET 0.8653 0.8510 0.8871 0.8683

DT 0.8323 | 0.8390 | 0.8226 | 0.8304

v Wi dss FAsth Primary| RF | 08847 | 08715 | 09032 | 0.8866

ET 0.8798 0.8608 0.9065 | 0.8827

HA 3A]7F o)A} Zg|o)|A|7t Alo|HE =X} 3+

i 3 IRE ol SelelARt Aelrg 7IEe = DT 0.8452 | 08444 | 0.8468 | 0.8451
TGS An 7Ee AAAE A4S ARske Aol C&P | RF | 08871 | 0875 | 0.9032 | 0.8890
N GaEE BT P w2 AsS Bt 53] 2% ET 08831 | 0.8698 | 09016 | 0.8350
Ef 4agFY AS w2 A% T 4 S
E g Atk Y 4A3E o) F-o]AZT AlolHE o E 8 4AIZE o Edlo] Aol JE FidE
Aoz Fuf o =3 AF Ado]d AX|4EEAS Ab Table 8 Purchase prediction of gamers with over four
435t ZHER AS rawR1E 7Hto 2 g e hours of play time
B AXo] %%{'ﬂ‘?}, 33709 12} £A4& o] &3 ) data set | algorism | accuracy | precision | recall | Fl-score

Basic RF 0.8533 0.8426 0.8704 0.8556
i A7 Zo| X BE o] FALS ol 9]
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ES JAAAHEL S AT FHjdSdE FAAHO Primary | RF 08752 | 0.8676 | 0.8898 | 0.8773
2 okzke] ASEAS o=t} HZ AW FaAEoA ET | 08671 | 08558 | 0.8866 | 0.8698
=14 20 ekzre] Asaiete] QAT 1 9] o DT 0.8145 | 0.8034 | 0.8348 | 0.8182

C&P RF 0.8801 0.8790 0.8833 0.8806
=L g= A3l AL B 2= 9] o}z ek o
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Table 9 Purchase prediction of gamers with over five
hours of play time

data set | algorism | accuracy | precision | recall |Fl-score
DT 0.7882 0.7902 | 0.7866 | 0.7881
Basic RF 0.8461 0.8362 | 0.8632 | 0.8487
ET 0.8265 0.8095 | 0.8567 | 0.8317
DT 0.8135 0.8149 | 0.8127 | 0.8136
Primary RF 0.8706 0.8677 | 0.8762 | 0.8715
ET 0.8600 0.8577 | 0.8664 | 0.8610
DT 0.8219 0.8274 | 0.8145 | 0.8205
C&P RF 0.8682 0.8673 | 0.8713 | 0.8685
ET 0.8641 0.8650 | 0.8664 | 0.8645
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Table 10 Purchase prediction of gamers with over 10 hours
of play time

data set| algorism | accuracy |precision| recall | Fl-score
DT 0.7492 0.7495 | 0.7517 0.7498
Basic RF 0.8142 0.8002 | 0.8417 0.8197
ET 0.7908 0.7847 | 0.8117 0.7961
DT 0.7617 0.7657 | 0.7567 0.7606
Primary RF 0.8308 0.8401 | 0.8217 0.8292
ET 0.8150 0.8206 | 0.8067 0.8131
DT 0.7825 0.7728 | 0.8017 0.7863
C&P RF 0.8308 0.8459 | 0.8117 0.8274
ET 0.8308 0.8426 | 0.8167 0.8282
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