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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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3. 7t ¥ (Evaluation Metrics)

4 AlzEle AT Bkl F2 AgHE ARde
precision, recall 2z F1 #eol vt (10, 11).
Precisione FHE 55 AA FolA At Foig 229 v
24 A2Ed] HATAaE S Recalle THE 22
A oM FAE BSo) T3 v HPE oFPne
gt} A F 7K A Ee 4R dedla d#dess $4
IS & T Aoy F 7 BAE ME A3HE Hol gl
A T Al FYE & Folsled AMEE Fl1 37
£ F2 W duie B4 B FL 2 ol 43 2
o] A}

25 recall < precisi
P recall < precision (3.1)

recall + precision

2 A7) APAAME o] A 71 ARES o]bsie] 33
A2R9] A% v 3t

g

4, a2 E2| (Results and Discussions)

4.1, 2K 9 ool el 21} 2Z
2ol 4 vlold g Fo) AHgAlS) HEE Tt o 2
£ 30 B9 M P 4397) 99 $2)E pure

CF¢ mobile CF9] %7} 278 vla si%ith. Ao ol

(& Tl veht it

E 7-Pure-CF2} mobile-CFe| & dlul 21}
Table 7-Performance comparison between pure-CF and

mobile-CF
Periods
System  Measure ¢-value
1 2 3 4 5 6 7
Precision  0.071 0076 0.081 0.091 0106 0114 0118 3.96%
Pure-CF  Becall 0235 0241 0252 0265 0318 0315 Q322 16.25%
F1 0110 0115 0123 0134 0159 0167 0.172 5.43*
Precision  0.112 0118 0146 0.157 0.165 0166 0.159
Mobile-

Recall 0258 0280 0293 0357 0369 0375 0389
Fl1 0156 0167 0135 0218 0228 0230 0235

CF

*p <0.01. p is the probability that the null hypothesis is true

A9 (& Dol Jebd A} o] 75 (1 period = 1F
o) 3re] Ago] MPH 2] precision, recall, F1 &l 91
°1A mobile CF< 23 (0.118, 0.322, 0.172)7} pure

CFe 2= (0.169, 0.389, 0.235)Rt} Z+z (43%,
20%, 36%) ¥ o8 =& T test 41 p (0.01 ¢J2&
o] zlol= #T AUE & 7t Sich olA% 4% Aol
B A7es FA51 uiti2 2atd ¢ olold& B3 38
G AR 3ol sotod e Aolgtn & 4 YAtk
Mobile CF7} 2t §§ wlold 7|%& Baf =old 21
59 MR HEE 3w meldl g4gtogn Al T2
o] o] B NIE ARE wdslA goa o|Fd) 4}
2T A Aol Bt AdsiAn AR o FH Al
dlof ARl A% o] & F7] miEolt)

4.2, Mg BT He| 53t BE

ARgAe] A3 EE EHE] Ak 1 Z2HS 74
ol slof A8 A=E o] 83te Afe T Axdle] Ae
7H F=E d5sh] A3l S8l mobile CFe MMRS
o B} 2FE va igict F AladE FEHoE 2l
4 rlold & E8) AL NEEE sleleiAnt, 2 HHE T
Aol doire 47 7itld HEel NG HEE Algse
zloldo] ZAY3It F Alx®le] A% FA precision,
recall, F1 g&t& &3 vlwstglon Ak ok (& 8)o v
228

X 8-Mobile-CF2t MMRSS| Ms Blw Znt
Table 8-Performance comparison between mobile-CF and
MMRS
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System Measure Feriods — tovalue
1 2 3 4 s 5 7

Precision 0112 0119 0146 0157 0165 0166 G165 416%%

M"CbF‘le' Recall 025§ 0280 0203 0357 0369 0375 0339 4330

Fi 0156 0167 0195 0218 0228 0230 0235 354w
Precision 0106 0131 0155 0174 0192 0208 0217
MMRS  Recall 0234 0250 0307 0376 0395 0411 042
Fi 0155 0189 0212 0238 0253 0276 0286

**p < 0.01 pis the probability that the null hypothesis is true

Aef (& 8ol Vel th2 MMRS® precision, recall
TE)3 F1 o] Ag 717 Awtell 2 mobile CF o B3}
A VEREE & 471 Tt 73] AEv|zie] ke
Fo] An & mobile CF(0.169, 0.389, 0.235) vs.
MMRS(0.217, 0.422, 0.286) °ls} MMRS7} ztzt 28%.
9%, 22/‘3}1:} o s B 7 ik E3 o)e @ X
T test 2% p < 0.01 FEoH f2g 9uE 7111
= 7)i £ ¥ 471 ot MMRS7}F mobile CF$} B msld
MEHEE ke A o19d) e} FRoME 5Ua bEE

g AFRe) A Y Hxo] AbgoliA BlRE

Rolgli @ 1e 7t otk MY A%t implicit rating 8

28] o)) & HE (estimated values)

& F0]31 Yo7t & 9 AH(estimation error) E 2

& AAFT7]) WZo MMRS7F 53 24 9lo] oJele) tha

FA A2HEED 903 4 ﬁ7} ZHE JERY7] W)
o

AEATE AL 23] Al A"le] 98 e & o

M= A3 271 93t} mobile CF$F MMRSY pure
CFel 3t performance gain & %8 Btk 1 dap=
ofefe] (F 9voll Vet 9l

H 9-Mobile-CF2F MMRS2] performance gain H|a
{pure-CFoi| Cifh)
Table 9-Performance gain comparison between mobile-CF
and MMRS (about

pure-CF)
F1 Score
Methodology
Period 1 Period2 Period 3 Periocd4 Period5 Period8 Period 7
0.158 0.167 C.195 0.218 d.228 0.230 0.235
Mobile-CF . . R
(42%)" (449} (58%) (50%) (44%) (38%) {37%)
0.146 G.181 0.206 0.238 0.258 0.276 0.287
MMRS
(33%)* (56%) {687%) (53%) (82%) (65%) (86%)

+ The performance sain of mobile~CF over pure~CF is (W-C)/C
$The performance gain of MMRS over pure-CF(C) is (M-C)/C
= C: FL of pure-CF, W FL of mobile-CF, M: Fj of MMRS

A <E PE B3 ¢ 4 2USE0), mobile CFY MMRS
94 pure CFoll th3} performance gain® A& Z7]HE]
< @ e B 4t doh ol mobile CF9}
MMRS7} Al HEEE mheldlol glolM gEHog

o wlofe] o Aol dEAEe} e FriEQ MEw
AEAA AMggo g u 2o W4-& o] FHeln A
oA wheo] 7] WRelvt 1y AF F717t AR
W} performance gain &9 71 V&2 F Wy o] o]
7F et Mobile CE7F HF222 (pure CFet ®us)

A) 37% B2 AFEE Hole el vs), MMRSE 4
AE 7)ol 2H 1F w2 *é%fz T B Pk ohlg A
THORT 66%Y A AT Holn g oA

AFE B mobile CFS&} MMRSA Aol NEHE
o] AMg ool glom 2 Buld ¢ wlold APARg
Hgste] AHgshe MMRSE (¥ Q7oA ole3t wie} 2
o)) AR MFTE sobd ulofl gl Rkl 87 3
M9} FH Alsmle Aed Tddor IANTE AL

017‘0},31 h_q._
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9,] Ho]z—] A3 =]}
Web Mining® /‘1@&15 73‘:‘}4 3 31‘ zggg Z7toE 3
= Takd goF 33 A28 (mobile music r
system)< A3t SATh £33 Fuld
g AEE Bl et Ak Hh o] AfEshe ThE S
Alzsllel] wjg] sl Hold-E Y% st

2 dA7e 53 Ala®(recommender system) & ¢
SlofA Bt 22 9ot At

A, 2utd € AN A8 §1elM e fE S Ha
3} st = ot CH??_ H ole] ATEE &7 Higgd
& A skt
24, 2aked 9 i:l% 243 Mobile Web Mining %

-
>

AR, 9 H=(ordinal scale)& AHEF AHEAL M E

sote] 7Rs g A4l Bl
Je genE, AWS B Sl AYe A A2
He} wolel @ B ShlN 948 45 BT & 8L
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