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Purchase Pattern Analysis of Loyal Customers in Subscription Services
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Abstract In recent years, subscription services are attracting attention in online music and movie distributions.
Users are allowed unlimited use of their services with a fixed price, and online stores can expect constant revenue
stream. For online stores providing subscription services, users that subscribe for long periods are loyal customers.
To extract characteristic purchase patterns in loyal customers can help to select distribution contents, and to identify
potential loyal customers. In this paper, we model subscription periods by purchase patterns using survival analysis,
and propose an algorithm for extracting purchase patterns from a large-scale data set. We show the validity of our

method with artificial and real data sets.
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Table 1 An example subscription log.
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Table 2 An example purchase log.

ooo 0o

od

ul
uy
u2

ul

S3
S1
52

56

2004/8/16 12:06
2004/8/16 13:01
2004/8/16 18:51
2004/8/16 21:35

uy 1 2004/8/16 11:50 2005/01/08 20:14
ug 0 2004/8/16 18:01
us 1 2004/8/17 16:10 2004/08/25 13:01
ug 1 2004/8/17 21:39  2004/08/29 07:21
us 0 2004/8/18 01:44
un 0  2005/10/28 23:10

goooobooooboooooooooooooooooao
goooooboooooooooOoooobOooOooOooooooo
gobooooooboooooooboooooobooooboooon
goooooboooboooboooooooobboobOooDbOo
gboooooboodooboobooooooooooooooooaoo
gooooboooooooooooooobooboooooo
goooooodoooboooooboooobOoooooooooo
gooooooooobooooobooooobOoooboobooooooo
gooooobooooboooooboooobOoooobooooooo
goooobooooooooboooooobboooooog
goooobooooboooooboooobOoOooobooooooo
goooooo

2. 0000

000000000000000000000000000
000000000000 [2,[7,[8),[10)000000000
0000000000000000000000000000
000D00000000D00000000000000000
0000000000000000000000000000
0000000000000000000D0D000000 [4]
0000000000000000000000000000
0000000000000000000000000000
0000000 ((500000000000000000000
0000000000000000000000000000
000D0D0D0000000000000

3. 0 0O O

3.1 O a

gboooooooooooobobooobobooooboooooo
goooooooooboooooooooboooboooooooo
gbooobooooooooboOoooobooboooooboo
gooooooboooooooboooboboooooboooDoD 1
goboooooooobooooobooooooboOooooono
goooooooob 200000000000

obdw, 000000 ¢t, 0000008, 000000CO0O
e, =10000000 e, =0000000000¢, 00000
0000000000000 0 w, 00000000 480
000000000000 d™M00000000000 dena
goooooboooooooo

uz sy 2004/8/17 16:42

uy  sio 2005/10/28 23:15

03 00D0Oo0Oooo
Table 3 An example input data.

000 0000 0000 0ODOO0o(@Cooooooo)

u1 1 145 $3(0), s1(0), s6(1), ...

u2 0 438 82(0), 88(3), 81(5), e

u3 1 8 52(0), s13(7)

Uy 1 12 s3(0), s1(2), s2(12)

us 0 411 s5(0), s1(0), s8(2), ...

un 0 0 510(0)
dznd _ dfltart if — 17

tn _ I en (1)

deng — dSf°™ if e, =0,

0000000000000 000000000000000
0000000000000000000000000000
0000000000 000D000000000000000n
0000000000 000D00000000000000
ooo

000w, 0 k0000000000 s$f000000000
00+ 00000000 £ 000000000000000
0t 00000000000000000000000000
v, 000 s 000O0ooooD < oooooooooooo
00t =¢d —¢** 0000000000000 00Noon
0000000000 e, 00000 ¢,00000 {sf}000
0000000000 {1} 00000 3000000000
ooooooo

3.2 Cox0ODOODODOODODO

0000000000000 0000000D0000000
0000000000000000000000000000
t000000000000000 A(G)OD0O0O0t00000
0000000000000D ¢+0000000000000
000D000D000000000¢t000000000000
0oooooo S() O

S(t) = exp (—/ h(T)dT) , (2)

gobobooooooooooboooobooooooooog
gooooobooooooooobooooOoobooooDooo
goboooboooooooobbooobobooooooooog
00000000000 00D0D000D0 CoxODOOOODODO



00 [@B00O0D00O0

h(tlu) = ho(t) exp( > Bras(u,1)), (3)
feF
000 he(t) DODODODDDODOODOOOODODOfODOOOOO
OU0rFO000000O00O0O0OOB={G,} 000000000
zf(u,t) 0000 «000¢t0D0000O0O0O0O0O0ODO fO
gd0 1ioooboboobobooo

1 if user uw has purchase pattern f
zr(u,t) = at subscription period t,

0 otherwise,
(4)

goodoobooboobo0obooub ssgoooboobo
0000 s; 0000 s 000000000000 OOOOD
000000000 ¢t+0o0oUooooooUoog zp(u,t)
0t+t000bhO0o0o0ob0obO0o0o0oobOO0oOoobobOoooooboao
000000000 he()DOODOODDOOOOOOOUODOO
D000000000CxO0000000000000000
oo0boo0oboboooboboootobobooooboo
0000000000000000000000 000000
00000 6,000 (f <0)000000 fO00f0000
gogboboobobooobbooobooobbooboboo
Jo0o0o0oo0oOooooooooDbooooooooooo
0000000 ;000 (6;>0)000000000000
000bO0o00oO0o0o0ooOoOo0oobooon

00 t00000000000000 RE) = {n|t, = t} O
ood0dd«00D0O+¢+t000DbO0000bb0oooooD
R()D0D0O0DDDO0O0O0DD «w00000 PulR(t) 00O
gooDoboOoooooooooa

h(t|u)
> mer( (tum)
exp(D_ e p By (u,t))
> omer P pep Brrs(Um, )’

P(ulR(t)) =

()

Cox000D000D000D00D00O0DOO0DNOO0DOO00O
0000000000000000000000000000
00 P(un|R(t,)) 0000000000 Cx 0000000
0000000000 A00000000000000000
000000000000

L(B) = log [ [ P(un|R(ta))

nebD

> <Z Byws(un,tn)

neD MfeF
~log Y _ exp(Z,@foum,tn))), (6)
mER(tn) fer

000 D={nle,=1}000000000000O0O0OOO
1000020000000¢0

aL(B) _
o8 Z(M(Umtn)

neD

>

mER(ty)

xf(um7tn)P(um|R(t'ﬂ)))7 (7)

& L(B)
6ﬂf 8ﬂg

= Z( D @ty tn) g (tm, tn) Pt | R(tn))

neED “mER(ty)

+ ) s (s ta) P R(tn))

meR(ty)

p>

mER(ty)

g (um, tn)P(umlR(tn))> ; (8)

gooooooooooooobooooooboooooo
oo eoooo0oooooUooooooooooooooo
0000000000000000000000Efron00 [5)

LEgfron(B)
= logH( H h(t|un)
t “neD(t)
1D .
BIIOIRIISE1Y h<t|um>))
r=1 meR(t) meD(t)

_ z( ST S Brap(un

t “neD(t) fEF

< > ep(d ] Brzs(um,t))

r=1 meR(t) fer
b & enl(E i) 0)
meD(t) fer

000D00D00D00D00D00000000000 D) =
{nlen = 1,t, =t} 000 ¢t00000000000|D(®{)
0ooooooooo

3.3 00000

Cox 000D0O0D0O0DO0O0DO0O0DOO0DOO0D0ODN
0000000000000 (00 s, 0000 s,00000
0000000000000 0000D000)0000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
00000000000000000000000000
000000000000000000000000000
0000000000000000000000000 CoxO
00000000000000000 10000000000
000D000000D0D0000D0000000000000
000000000000 1000000000000000



goooooboooooooooboooobOoooooooooo
gooooo

§ = arg max (mgmx Lp+g(,3)> , (10)
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Table 4 a user simulation algorithm.

1 Set t «— 0, u — ¢

2 loop

3 Sample ry ~ Bernoulli(h(t|u))
4: if r1 is success then

5: break

6 end if

7 Sample ro ~ Bernoulli(g)

8 if ro is success then

9 Sample s; ~ Multinomial(0)
10: Set u = us;

11: end if

12: Sett —t+1

13: end loop

14: Output ¢, u
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Table 5 Partial likelihoods for the artificial data.
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Fig.1 The number of extracted features v.s. MDL.
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Fig.2 Computational times with and without approximations.
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Table 6 Partial likelihoods for the real data.
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Fig.3 Survial functions S(¢) of users having extracted purchase

patterns. Dot lines represent survival functions of users

not having the patterns.
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