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Recommendation Method for Extending Subscription Periods

TOMOHARU IWATA," KAZUMI SAITOt and TAKESHI YAMADAT

Online stores providing subscription services need to extend user subscription periods as
long as possible to increase their profits. Conventional recommendation methods recommend
items that best coincide with user’s interests to maximize the purchase probability, which
does not necessarily contribute to extend subscription periods. We present a novel recom-
mendation method for subscription services that maximizes the probability of the subscription
period being extended. Our method finds frequent purchase patterns in the long subscription
period users, and recommends items for a new user to simulate the found patterns. Using
survival analysis techniques, we efficiently extract information from the log data for finding
the patterns. Furthermore, we infer user’s interests from purchase histories based on maxi-
mum entropy models, and use the interests to improve the recommendations. Since a longer
subscription period is the result of greater user satisfaction, our method benefits users as
well as online stores. We evaluate our method using the real log data of an online cartoon
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distribution service for cell-phone.
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Table 1 An example subscription log.
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Table 2 An example purchase log.
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Table 3 An example input data.
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Fig.1 The framework of our method.
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1 if user u has purchased
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Table 4 The number of features.
2005/06/30  2005/07/31  2005/08/31
Cox 000OO00OO0ODOOOOF1O 80 84
Cox 0000000000F20 3,159 3,485
Cox J0DO0DOUDO0OOF3O 4,455 5,250
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Table 5 The number of subscribers and unsubscribers.

2005,/06/30 2005/07/31 2005/08/31
oo ooo oo ooo oo ooo
oooooo 13,284 7,221 14,669 9,608 28,409 17,028
gooooo 4,988 6,063 8,802 5,061 9,765 11,381
0e6e OOOOOOODO
Table 6 Average log partial likelihoods.
2005/06/30 2005/07/31 2005/08/31
oo ooo 0ogd ooo ogd gogd
gooooooo —8.865 —9.845 —9.165 —9.465 —9.513 —9.904
Cox 00D0OODODODOF1O —8.727 —9.205 —9.048 —9.445 —9.415 —9.812
Cox 00D0OODODODOF20 —8.709 —9.179 —9.029 —9.422 —9.325 —9.839
Cox 000D0OO00OOOOF30 | —8.604 —9.129 —9.048 —9.351 —9.325 —9.798
3 © .
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Fig.2 Agerage log partial likelihoods with 10-fold closs-
varidation.

1 if item s, is the last item
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0 otherwise,
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Fig.3 Agerage log likelihoods with 10-fold closs-

varidation.
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Table 7 The number of transitions and items.

2005/06/30 2005/07/31 2005/08/31
oo ooo oo ooo oo ooo
ooo 300,486 122,904 382,778 171,749 459,456 197,476
ooo 75 81 86
08 OoOooood
Table 8 Average log likelihoods.
2005/06/30 2005/07/31 2005/08/31

oo ooo oo ooo oo ooo
oooo —4.317 —4.317 —4.394 —4.394 —4.454 —4.454
oooo —3.875 —4.263 —3.938 —4.673 —3.975 —4.454

goooooooooo —3.554 —3.551 —3.581 —3.732 —3.605 —3.762
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Fig.4 Transition probability vs extension effect.
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Table 9 A user simulation algorithm.

Set t «— 0, u — ¢
loop
Sample 71 ~ Bernoulli(h(t|x))
if r, is success then
break
end if
Sample ro ~ Bernoulli(g)
if r5 is success then
if u = ¢ then
Sample s; ~ Multinomial(R(s;))
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= o=
= O
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,_.
4

§ « arg maxs, P(l|u,r(s;))

—
@

Sample s; ~ Multinomial(R(s;|u,r(8)))
end if
Set u «— Ups;
end if
Set t «— t+1
: end loop
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Fig.5 Average subscription periods.
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