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Abstract

As mobile Web technology becomes more increasingly applicable, the mobile contents market, especially
the music downloading for mobile phones, has recorded remarkable growth. In spite of this rapid growth,
customers experience high levels of frustration in the process of searching for desired music contents. It
affects to a re-purchasing rate of customers and also, music mobile content providers experience a
decrease in the benefit. Therefore, in aspects of a customer relationship management (CRM), a new way
to increase a benefit by providing a convenient shopping environment to mobile customers is necessary.

As an solution for this situation, we propose a new music recommender system to enhance the
customers search efficiency by combining collaborative filtering with mobile web mining and

ordinal scale based customer preferences. Some experiments are also performed to verify that our

proposed system is more effective than the current recommender systems in the mobile Web.
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9, o] % uAFo] =2 AT T Fun| &S 2 AF
o tisi EEuAe] EE HIEE HY AR ARE
Aketol ] Azd o] B2 g JF B5E a7
A3 "ot olejgt e e o) 7|E ) @4 3§t
o 7P AFAY FAH AlxgleR HriHm Sirt
(1.4,10).

FHZo| 3 AlzEle] 7t Hxel AT MY AHEE

geatEe =8EC] vk 1 F tlEAQ] o7} Kamishima
(4)9] A7, FAZERD S L83 T4 Alz=Hl dellA AE
AEE A3l Zlo] 7129 7 A &S A3 Al EHT
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At 2ol AR BA] 1 ololdll REES AXE &
=3

2 Aqore ARA Ao Z2g-E 2upd ¢ nlold
(mobile web mining) ¥} %] % (ordinal scale)& &
sle] A Huz, ¢ (D ©AE 21 HoEE 71
3= MAE (pre processing) ©AIS HAE] ¥ dloEE
B3l &9 7o) Aaed AP T R ARst & 2
87F Atk £ 34 Al2"(MMRS)S] WHEde] AAA0
A2l (overall procedure)= °Hl (28 1) 2t}
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Fig 1-Overall procedure of recommendation

A 1. ®AE|

tlolE] x]2](data preprocessing) & AHEAF] access
log 2%¥] data cleaning, user identification, session
identification, path completion® #F¥E& AX user
sessions e8] W 219-& T3cH3).

mutd ¢ S A= AHEA] FUE S E B3 user
identification®] &olat™, 54 ofelgle] Fuji} £ wu}
A ol tigk & TR AHS 71FOE session & ot
T 3L, B2 8% HolH7t #4s) Ho] 7|9 ¢ SR
tlole] Az 2gie] A 4 drtn & & vk 94 7l
7+ B2 FAE AR A9 surfing history 7F(E 1)3 2
tx 7Pgsiat.

E 1-AREXE A ¥ ME TIE
Table 1-Surfing history of customer A

Access Time Full Path of Profile

2004.08.03 ml s ms ik ol ml ml
13:34 1] 3 2 3 1 2 1
2004.08.07 ml nr me e mik e

06:37 5 1 ] 2 3 2
2004.08.11 aid ol mlk mf  nl mdl om
13:54 5 4 3 1 ] 5 1 3
2004.08.25 mf ot mg, me

17:24

2004.09.02 wis  mf kg, il

16:10

oM, = {my,my,} £ ofolE FE

Transaction T =<mf,mi,...n8 >
p. ifm, is purchased
where t=<1, pre— listened 2.1)

¢, one-— clicked

E

= TheRE AMH| 29} fAsle] AR A FUIE g
ol AAE 2ot HAE FollM 54 ofelsl& Tl A
(purchase, P), THl3lAl= &A% mlgE71E 8 BA
W(pre listen, L), T3] #Alo] oix ‘S8 BAY
(one click, C), &4 flo] AUA= (ignore, 1) T
behavior patterng 7F2 47} 9lem o|2{dt behavior
pattern e AHEAN] Ao Afol7} EAjgtta 71 g
T(E 2) #x). F Fuig ofoldld] tigk Aswrt 74
=1, ¥4 glo] AURl ofeldle] tigk s wrt 7H vtk
( P=L=C~1 ), o3 7F& AR ARAF A9
surfing historyol X 25%& actions A|Ag H (& 2)ol
A A2]3t behavior patterng AR 7|3 B ALE
A} A9 log HEE A ¢ AT (G 3ol VERT 9l

B 2-Al2Rle] YSTiE Hel
Table 2-Definition of behavior pattern

Symbol Behavior Pattern
P Zll{Purchase)
L n]2] £ 7] (Pre-Listen)
c =2 (one-Click)
I 2l 9l S (Ignore)

E 3-ASR A2| AISR} BlofEf Rt
Table 3-Customer data set for customer A

Transaction g my, my; m, mg my

1 P L L 7 I c
2 L P L 7 C C
3 L I P c L L
4 C I I L P C
5 L H C L 7 L

Tl 2. =9 M=k 7|gtel 12y Z2d 4y

Step 1. MEE =2|(Preference Ordering)2t M= Z
T &= (Preference Intensity Matrix) A4
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m1 m2 m3 m4 m5 m5
2 CHAl 12] (E 3)1t 0| §iHe| ARZAt0| TSt ARSAL
iy 0 1 3 3 2
H\O“}I XIOF User data SGI)O\ QVd E‘D# O‘tH E7:”O‘”A-| - -1 0 0 2 2 1
2
0| sige=z &€ ZHa( Collaboranve Filtering) OflA1 At wy | -1 0 0 9 9 1
sl 2 =2 da= 7igle] 0 Z2dg Hdsio{or & my | -3 -2 -3 0 0 -1
Ct. Ms o] X0|(degree of preference)S 135104 that me | -3 -2 -2 0 0 -1
0] == OO[RES M3E +=%|(preference order) 7|2 m, | -2 -1 -1 1 1 0
2 M| F= framework0l tist Y= Kemey and
Snell(5]1 Cook and Kress(2) S0l 2IsH 0|0 HMAIE] Hf _ }
° * 9le]9] preference ordering Al e, A& 7F= 3
7t QIC}. 0=0] MAlSt frameworke SE12] H4701E S2 j
g 2 Qler| 227} MASID Q= P=L>C>1 2}  2(preference intensity matrix) P=) ¢
= 782 OofHet 20| 474 slotg 7K M3 &2 of  m o m, o gis)] MaE= 714 jolurEe
(preference ordering) SEHZ Ted0| 7Hs3ICh y
Uehls @) 2 749 99 (matrix)o]g}
P
I Step 2. =#BM ME  £2(Consensus Ordinal
S = .
C Ranking) 244
VA
E74| 3nf THA| 4e] B ZE2l(Collaborative Filtering)
ABRIZE Tl O0R(PYS0| X W M3 2els sl TEOM ARBAAS FId ABE L2 Z2L2 o] 2l
m BIAE A0| HAEIRIEE ALEXI0] 23t FAIE 0jofey “*fymf;ﬁg'”§g35'%§m@@wmﬁ‘WWQW
0| 415 weloiM 71 SIE0NE EEsim Yct (g g MAES SEMSE IR0] 0IS2 V1T & i =
_ = BIZlo| £E MEE 2912 A4 S0 o
Oﬂ LIER ARZAF AQ| transactionET 029t 22 ez = Ol0fRZiel 2T Mok F9IE Ao S o7Hel
Mraet =71 QICh preference intensity matrix PYo  (1=5)0] =rjst
= MEOIM ARSAE A2 00|l chst ABEQRI MS &2
" M " s (consensus ordinal ranking) B =
.My g s Mg My LR,
5 = : 8= . 8= L
1, g, i, . m,
My g , i, iy 1Ly 1y, Mg

J% 2-CF 3)0i| ChE B7he| MEE 9|
Fig 2- Five preference orderings for Table 3
?let 20| FHEl MEE &2{(preference ordering) Si
OlA 47He] slot2 AMSAI] SEHEP, L C, ) 8 M=

o AOIE BI¥stn QoM Ol ME L& &H(preference

4 oltk Algxt

intensity matrix)0fl 2C} MalskH| EeiE!
ASl A HW transactiong 2|0|sH= Preference ordering

S, o ot Ms 2= #H(preference  intensity
matrix) P52 02|} 2T}

E 4 Mol ot 5, P

Table 4- Example of preference intensity matrix, P

. ' . o
F(B)=>d(4, .B)= min ;d(AI .B) (2.2)

1=1

A B

where d(A,B)= %Z
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mi subject i g O 9 2 sequence® YERE 7} 9l
J(_j il

k-1
Ny 2wy =0,i=Lo.n-2and k=i+2,..n O, =My =Ny, 1 =W, Wl =W, e (2.6)

j=i
I-h<x, <h-1, x, =integer 2= ZE AR nHol| thel 2| step 1~step 28 Hi=
]r:pletelememdeﬁ.ﬂgﬂ slat 4= (2.3) SRS = MR ARSAL| chet ME HE T[Ele] I T
24 (Ordinal scale based Customer Profile)?l

2ol (2.3) &g
OfeHet 2o,

BEEAPE HEel s N )= 2=

x; = median {_p;; }

where I=1,...t and i< j (2.4

el (2.2)Al0lM (2. H)ADIRIE EE3I0 Aol GiAIEl
ARERE AC] M MES U= HH(optimal preference
intensity matrix) 2t ZEXQl M5 2| B = OfH

(E 5yt 41 (2.5)2 20| FsHAIC,

T 5ARRKE A9 2™ ME 4T

= oL

Table 5-Optimal preference intensity matrix for customer

A

w1, [ g W, M M,
t, 1 1 3 2 2
i - 0 2 0 1
. - - - 2 1 1
my - - - - - -
" - - - - - 0
g - - - - - -

iy

TS F PR
ZH5=% B=

A7} A2 &

s, g

n,

ZEXo2 ASA} A7} B9l 53[9| transactionS ek

BH ABKIA & M 390 ofet MSET IR 52
o omy 2ol ofEt MEEU IR WS 202k oS

0] 7ksat RICE

Step 3. M| ARRXte| == MM (Ordinal scale
based Customer Profile Generation)
2] (2.5)0llA Uehd A8 A9 AEE FH = T of

\O

D, =10.0 O} 2 oy gt A 0l2J0] 5
NE=2S JCH JHYE Aol 17 T

F(B C D E FHZS

242 o2l (E 6)1F 20| LEE == ICH
F 6-12 =24 DS 2| of
Table 6-Example of customer profile, DS
1y k! ] My s Mg Mq Mg g g My
A 1 2 2 4 3 3
B 2 2 1 3 2 1 1 3 4
[ 1 2 3 1 2 3 1 2
D 2 1 I 3 1 4 2 2
E 1 2 3 3 4 3 H 1 1
F 3 3 2 1 1 4 1 2

CHA 3. FAF 02

ol lolE 1 Zed( D )4 SARE(similarity)
2 Zsle] B 2 AR AEEE 2 fAF e S A
3 Witk ALEAL A AREA} BTE] SALE sim(a,b) = Ui A
| (correlation) B FAIR1 AP (cosine measure) S S5
=% =IH9). oAe] AH11)elM 3l (correlation) & &
S AR (similarity) S789] <ol SHEY] wizel] & A

TAME FHIAE o83l FAIEE Sk, MER= 71':&

Al# (Neighborhood Formation)

oz ¥ 1A =2 83k 4 9= Nantonac
Collaborative Filtering 752 -83tH4)

ofelelo] Tig Mzl gleire] fAke

~ Denr, (1O ) =7a)(O,m; )= 7)

T CCam R T
Where M, =M, NM, and
Fo=|M |7IZMJEM)& (104, m))-
*r(OA,mj); Jofejdel HE AlEA) A o HEETS
(af. 1(Oy,m;)=2

o 2o ®A" 5
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=2.38, Tao =280 1F: P =2.62% 2t}
Ao} 2 AR 2L Bl owet fA} AT A .
§7F A ST 821 23 49 284 5 21} 29 Tu o) A o] &% A ASl HEE S0
go] & g AYsle vl dutdez 27 7Y o 25 22 R={m.m.m} 3} 2o go} ololelso
correlation thresholding@ best n neighbors -°] &  ZZ el AR&A} Ad|A FHHAch
2903 (12).  Correlation thresholding 71'8S szl
threshold #tEth 2 AAA AF 3 ze ARBAES Al & .
A aAFo 2 A¥sks W], best n neighbors Iv. d & (Experlment)
7HE AHEA 7V 2 SAUR n g AHEAE fAF
Do 2 AWl WS Wt} B Aol|A+= best n
neighbors 7S Ea 44} mA2e Ay, (g 6y 1. A8 A (Experimental Design)
ANE 1A Z2Re 2o 3w, AFeAt AS §A} 1A E AFAA AR 59t F3 A|2F(MMRS) Y] 5=
29 us] 93 Ry e 27 Ry =062, BF7¥e7] fske], AA el B3¢0 HEg ) JdE =
S welsle] 712 FUE 7Nk 4 AzEl B
Re =042 Ro =079, Ru =065 ag an@usels, el weAz, o AAZ 5)
R, =0.33 % 2t} Wb best 1 neighbors & ZHe QY 7)uke] A|x~ElS pEsle] HES 7 519
7ol M N o] /NS 302 At AHEAF A9 fAtmAe th ok B ATelA AlkE AlzwlFte] AriHnE 91k
Q. benchmark A|Z=8lo2A F 719] 4 A|281S ¢ sfdts)

A2 B, D Z8la E 7 "ok

Lo} B9

=

15d Aoz didse N7Ke &
FH =, ARgAe] o RS Eehr] el
o] FuiPH Fob FA TAE Aol Ale] A

AHEAE AC] ofolgl ol thgh o ds e vt 2ol
AXY €t

g sto]
o]de]

i, Ry x(r(O;,m;) -
Zz’ezﬁf‘ Af‘

Where 7, :|MA‘_IZ . 7Oy, m,) and
mye 4

)

(2:8)

T4

M, =40, e D, st.m, € M.}

WA 3ol AR 3] fAF 2AE (B, D, E)9 &
of g A5 ARG o851 71E A 2ATES] A5
T glont AR At oFd Felna) 2 Solsel W@
A% dsw w9 @ 7% 47 A 2 A

v 2t Fp =244, Te =251, s

e,

]

vl

Pure CF$} mobile CF Al&gle] Ao
Pure CF& AREA] Fuff vloJElehsE AMESlo] 3 &

2dslm, mobile CFe 2Hl €] vio]d& -85}
FuldlelH <ol mutd 2 o] PFrlolEA] 4 55
2ol A BR|RE o] 2 93t 1A Zago] AL Fy
Arg s Ao B A2o|A] Aeksls MMRS A28
7} o2 EAE zher) o, A feia] A" 2o A
dl=0] 7 Al Alzrlo] FFH R I tiErke 4004
M mp3aHL& AHE- B, frAE o] A7) whet
9] ﬁ?ﬂo] oﬂsz = xS 7]:}01—01,04 xﬂ }\]/\Eﬂ 25 Tr/\].

Ao MeE 1022 2y =tk Al 4 FEd
MMRS9] bz} Au]

= olest 2ot
-

W
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(e}

=

>
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=)

b

purchase

Back to CF list to continue searching the music

T2 3- MMRSS| A|AH FMT
Fig 3- Architecture of MMRS
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2. Hlole| =% (Data Collection)

A Qe AollA F 7 $(2007.5.1 - 2007.6.18)
T AARE 3 Bl AAIEIIT 7129 o] 54l 34k
2 FolA gt A= (d4e], Hed, mp3s) T 7B
Fol e 3179e] Aol He siglth, |z $elE ol
< A ageE BRI H 24 a5 A dFe Al 7R
A] pol U‘J /\]"g‘z} j—'ﬂ‘i ?ﬂl"% 6]'/\}\ . }\E]féﬂ
E& Zxle] AlzEle] osiM s

]
550g vl B a9 Aze ol A58 THeE

-

= > o
F4 59

9 8o Y 5 HES gk olFo] Az el B
o] F PEEL 270} 3 To|| zhzte] Aulo] AEo T
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Table 7-Performance comparison between pure-CF and
mobile-CF

Periods
1 2 3 4 5 6 7

2-value

System  Measure

Precigion  0.071 0076 0081 0.021 0106 0114 0118 3.96%
Pure-CF  Recall 0235 0241 0252 0265 0318 031% 0322 16.25%
F1 0110 0113 0123 0134 0153 0167 0172 5.43*

Precizion 0112 0119 0146 0157 0165 0166 0188
Recall 0258 0280 0293 0357 036% 0375 0338
Fl 0156 0167 0195 0218 0228 0230 0235

Hobile-
CF

*p < 0.01. p is the probability that the null hypothesis is true
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Table 8-Performance comparison between mobile-CF and
MMRS
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Periods
i-value

System  Measure

1 2 3 4 5 3 7

Presision 0112 0119 0146 0157 0165 0166 0169 4 19

M%Jrglﬁ' Recall 0258 0280 0293 0357 0369 0375 038% 433+

F1 015 0167 0195 0218 0228 0230 0235 3,54
Presision 0106 0131 0155 0174 0192 0208 0317
MMRS Recall 0234 0290 0307 0376 0395 0411 0422
F1 0155 0189 0212 03238 0258 0276 0286

** < 0.01p is the probability that the null hypothesis is true
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Table 9-Performance gain comparison between mobile-CF
and MVRS (about

pure-CF)
F1 Score

Methodology
Period 1 Period 2 Period 3 Period 4 Period 5 Period6 Period 7
0.156 0.187 0.195 0.218 0.228 0.230 0.235

Mobile-CF
(42%)" (44%) (58%) (50%) (44%) (38%) (37%)
0.148 0.181 0.208 0.238 0.258 0.276 0.287

MMRS

(33%)* (56%) (68%) (63%) (62%) (65%) (66%)

T The performance gain of mobile-CF over pure-CF is (W-C)/C
FThe performance gain of MMRS over pure-CF(C) is (M-C)/C
* C! Fl of pure-CF, W: F1 of mobile-CF, M: F1 of MMRS
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