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The Recommender Algorithm Encouraging the User Development.
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Recently, more and more people buy items online including books and tunes.
online to buy expensive items such as cars and houses.
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They even gather information

When people buy expensive items, they tend to spend

much more time to consider what to buy. During the period of consideration, they make comparison among many
alternatives, which eventually makes them understand what they really want. Thus, in order to support decisions
on expensive items online, we need techniques to make users understand what they really want. In this paper, using
the data from Suumo, a large housing information site in Japan, we show some elaborately-chosen items may help
users understand what they want. Our proposed recommendation algorithm, similarly as experienced salespersons
do, provides several alternatives for users to make them understand what they want based on the past customer
behaviors. Primitive results are shown to show the potentials of the algorithm.
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Algorlthm 1.

Input : History = & 21— OREEE.
Input : Future_c = % &3 215 kDO M &[5,

CV Rate(c;) = Predzctzon(sttory,cz7 Future_c)
¢” = argmax,, ¢ (c,,..,c}CV Rate(ci)

Output : ¢*.
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6: Function : Prediction(History,c,n).

7 UpdateHistory : newHistory = Array(History,c).
8 IF (n=1).

9: return p(conversion|newHistory).
10: ELSEIF (n > 1).

11: CV Rate(c;) = Prediction(History, ¢j, Future_c)
zf] CV Rate(cj)

12: N

return
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Future.c=1

. Future_c =2 .
History . CVR o CVR CVR ratio

5 25 4.60% 10 1.26% 3.66

2 16 3.45% 2 0.98% 3.52

3 16 3.49% 2 1.05% 3.33

6 1 3.56% 4 1.12% 3.19

8 5 4.23% 8 1.47% 2.87
22 26 1.98% 21 2.73% 0.72
15 19 1.55% 15 2.30% 0.67
16 28 1.90% 21 3.05% 0.62
20 21 1.65% 23 2.67% 0.62
10 10 0.85% 4 1.69% 0.50
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