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A basic study on item rating prediction
focusing on behavior history of user

Abstract: The market of Electronic Commerce (EC) has been drastically growing in recent years. EC sites
contain various types of evaluation information on items such as ratings and reviews by users in addition to
the numerous information on items themselves. In addition, browsing history of each user is usually recorded.
Recently, a lot of EC sites try to recommend items actively to each user to encourage him/her to purchase
more items by abstracting his/her preference based on above information. To abstract preferences, there
are the explicit method and the implicit method. The explicit method uses the information such as ratings
directly given by users, and the implicit method uses the information such as access histories to items and
browsing time. However, the study to combine the explicit information and implicit one is not found. This
paper tries to construct a hierarchical Bayesian model to analyze purchasing behavior of a user based on
reviews as the information of contents, rating histories as the explicit information, and browsing histories
as the implicit information. An off-line experiment predicting the ratings of items is carried out and the
performance of the proposed model is discussed.

Keywords: recommender system, prediction of ratings, collaborative filtering, explicit filtering, implicit
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B L—TFOREL YN Hit U, REBINICT A T L2 HERS
§BHTLICKD, 2I—YOMEEHIZEHET 2 Z & zidH
T3 [1]12][3)-

EC Y M2, REROT A7 LOMHRICIA, 741
T LSS 2 2—YOFHfi - 13X (Z—YLEa—) &E
DIFRMEREN TS, e, T—NICEELI—T DM
RETHPHETHE Lo/, RRICEMEINTVHAST
EMZV. HEY AT LTI, FICENSONERZ VS
TLICKD, BA—FDREFICH > TEY)IRT A7 LOHE
Bal15 T eZAMNE LTWS. T OHEEY AT LOFH
IiE, —fMIC, WAEN—RT 1)V 2 1) > (content-based
filtering) & 1hall 7 « )L 2 1 > (collaborative filtering) A
BB [4][5]6]. HwiE, HEET BT AT LONEICHEDN
THERE 2175 FiETH D, BER, BT ST AT
L/a—Y2HL, ZORLMEICEDINTT A7 L2
TELFETHS. HES AT LOWRICENTIE, Tnb
ZODFEzEAEDRINAT Uy FREL R il
ENTEHED, HEBEOEICEONTEWEREZRDZ LAV
ENTWVS [7][8]9]-

7o, -V OREHORMITEICE, PIRITE R
NFEDD B [6]. BHRNTFER, 74 T LOHZ T—5
DR E OB 28 U CEENICIER T 5 515 THS.
—7, WENTRE, 717 LOBETEREN b 1—Y
DORERFZHEE L, IS T 2 5ETH . WiEET AT LN
DOWETFZ EMEICHEA BT EMTEZEDD, 74T LDFT
MiNL—DFH L 7E 57D, —HDT AT L UhaHilils
WNGZ6NT, BT —2LEBTEHZV. BETIE
I—HOITHIMN S KED T — 2 ZFERFIERTRE T dH 2 Y,
I — Y OURIVEFHINESE S iR, EYNCELf ZHE
ETERVWEEEE2DHE. INbE, I EMHArHDYE
52 8T, HOOEMZH, @SMEReaHEZ1T5 2 &N
AJREIC 7% EHARFCE % [10]. LA L, TNX TORELFH
HERE, BHRMTE E BB TEZ N T NICB O TRE
LTHED, ZNSZRARHCHWIZH X O HEENT
[AvAqAR

T, mEDFEZHAGDYE, HEHEINSKED
HHMZIEH L, #HEEZ1T95 2D DETIVOREZ KA S.
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JEIRECINA, WIRIZEIERTH 27 A 7 LatiiERE L, 1
BB RTHB 7 A7 LHEREOHRICEH T 5. A
FTlE, ZNooEmzfnasZickd, 2—YOlHE
TE R T 2N XTIV ERET S, iz, %
ETIWZHWT, KiHliD7 A7 LORERZ T 247
T4 VORI, BT IVOMEEIC DWW TE RN 7R AT
119,
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abilistic Latent Semantic Analysis: PLSA)[11] *°7&1E/Y
7« U 7 L5k (Latent Dirichlet Allocation: LDA)[12]
IR EDORERET V2V, JUtHIRZTTS FEMRE Eh
TV [13][14][15]. ThBDETIVIE, T— X DLRITHIk
HHEROMFATIT S FiET, =YL 7 A 7 Lotk
HEDND, IBENG T T AZ GELZ—YREELE A T
LERE) ZBMEET BT ENTES. ETNDINT A—4
#EE X, PLSA ASFlHT — X B TRIAHEE T 9 DI
XU, LDA T V7 LHRFiNiZEAL, A ZXHET
179, FHINA ZHEE L, AT — 2T ENENT—X
DFMCBWTHEHETH 2 ENHISN TN S.

7 AT Ll a—FoEMCE H LgRCE, L 50T
ENH 5 [16). Li Hi&, 21— x 7 A 7 LOFESTHE S
K9 %E7 )V (Rating-Matrix Generative Model: RMGM)
ERELTWVWS. BMGM &, 2—Y I I3AX2E7 AT L
TIARZIGEL, %7 T AZOMAGLENLFERNE
REND L LEMEETIVTHS. ik [16) Tl&, 21—
Y7 AT LO—FOEROAEANDZHEEDE, @ik
RERHEEE N AIRE CH B T LAV RENT VS, Kz, HEO
RAAL VICEHPERDATRETH B E BT THS. LA L
RMGM @ EAHEEICHED S FETH D, T —2cH
EFNEOARAOT— 2GRN ET IMETE RV, X
Tz, BT —RICBOTIE, 7T AZOHEEICHBN T
Bz LW MEEH 5.

A—PLEa—ZHWCGERZ TS ET IV EREE
NTVBEDD [17], TRTDT A FLICDONT kR
DL L 2—2HH 5T LIFBIENTIEEV. RNET S IEHR
ZHiS e, 2—Y D717 LAHMERREL L O ER
HHRZAWD T ENEZLNED, FFRPLEa—7%ED
HRIY 75 1R & [RIREIC 2 0 5 G BRI E iz FT L B g
DT, TNXTHXROMESN TR

3. ’EETIV

3.1 BETEBOETIVE
ARTIE, 74T LONFICHT 2ERTHSL—TL
Ca—@RIcinZ, WIRNEEIRTSH %7 A 7 LaliiE g
&, WERNEERTH 27 A7 LSRR 2GR L, HEE
ZITO TeHODETIVORERZAASD. REETIVE, BT
W7z T A2 E L, LDA L[k, 74U 7 L&D
MEBALIERETIVE L, MRS AT L, L
Ca—, ARZERTS. REETNVDT ST 4 IVET
VR 1ISRY. e, BEBOTEEZR 11TR9.
REETNVICBT B2 ELHOERGHFEELL T D@D T
H5.
(1) Choose 6 ~ Dir(«)
(2) Choose ¢ ~ Dir(f3)
(3) Choose p ~ Dir(y)
(4) Choose 1 ~ Dir()
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Fig. 1 Graphical model of proposed model
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Table 1 Definition of variables in proposed model

number of users

number of items

number of words

number of variables of ratings
number of items reviewed by user u
number of words written by user u
number of items rated by user u
number of item-clusters

number of word-clusters

reviewed item

written word

=g 3I~NQIITExSzc

rating

item-cluster

word-cluster

[% multinomial distribution of latent item-clusters
o multinomial distribution of latent word-clusters
1) multinomial distribution of items

specific to item-cluster z™

P multinomial distribution of words

specific to word-cluster z*

n multinomial distribution of ratings

specific to topic 2™ and 2"

@ fixed parameters of symmetric

Dirichlet priors on distributions of 6

B fixed parameters of symmetric

Dirichlet priors on distributions of u

o fixed parameters of symmetric

Dirichlet priors on distributions of ¢

6 fixed parameters of symmetric

Dirichlet priors on distributions of

€ fixed parameters of symmetric

Dirichlet priors on distributions of n

(5) Choose n ~ Dir(e)

(6) For each of N, items m;:
(a) Choose an item-cluster z/™ ~ Multinomial(f)
(b) Choose an item m; ~ Multinomial(¢.m )

(7) For each of N,, items wj:
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(a) Choose a word-cluster 2}’ ~ Multinomial(x)
(b) Choose a word w; ~ Multinomial(¢.w)
or each of IV, ratings r:
8) For each of N, rating
(a) Choose an item-cluster z;™ ~ Multinomial(6)
(b) Choose a word-cluster z;,* ~ Multinomial(s)
(

c¢) Choose a rating rj, ~ Multinomial(n,ym .rw)

3.2 G
REETIVTIE, LDA E[HEBRIC Collapsed Gibbs Sam-
pling[18] Z W THERRZITS . HIDIC, RERDWEE D
ZRY.
p(m7 W7 r7 Zm? zw7 Zrm7 er? 0’ ¢7 /"L7 1/}7 77|a7 187 ’y? 57 E)
= p(m|z™, ¢) - p(w|z%, ) - p(r|z"™, 2™, n)
p(z™10) - p(z%|p) - p(2"™(0) - p(2"%| 1)
p(¢]B) - p(¥10) - p(nle) - p(Ole) - p(ply) (1)
Collapsed Gibbs Sampling T, fifFTICkD S L DT

FIEWBIEDG 0, ¢, 1, ¥, n ZRNHET %, TDTed, X
(1) ZL DK S ICERT 5.

p(m’w7r7zm’zw’zrm7zrw|a7577767 6)

- / p(27160) - p(z"™(6) - p(6]a)do

X

/ p(2¥|11) - p(™|11) - p(u|y)dp

x / p(mlz™, 6) - p(6|8)dé

x / p(w]z™, ) - p(]8)d

x / p(e|Z™, 2™ ) - plnle)di (2)
T4 7 LA E BN O NS, 2 (2) 1K
EHOTUFROXSICEENS.

u
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Table 2 Definition of indexes

user

item

word

rating
item-cluster

word-cluster

LI S SN T S

pair of clusters (c,t)

FIRATDOEMZRER 21C/R9. Collapsed Gibbs Sampling
TiE, X@B) NSRBI IRAXOEHAZELTEH LMNT
5. BHEINZBHAZLL NIRRT .

p(z" 2™\, 2%, 2™

p(m|z™)p(z
p(my|z™\;)p(z
M\l +8 NJ\(ch_i_NRM

rw
,z™,m,w,r)

1117 Zrm)

m\l Zrm)

_ ( Jic u we T )
- M\ EM
N+ M8 NG, + NI+ Ca
p(zlw ‘Zw\lv Zma Zrm7 er, m,w, I‘)

p(w|z%)p(z", z

p(wy|2%\)p(Z% i, Z”")

= v Ay
Nww*”” MMO+N<M+T7

I‘W)

rm _rw|, rm rw m
p(zl ) 2l |Z \>bZ \I,Z ,Z

Plx|z™, 27 )p(a™, 2 )p(z, 27)
p(r\l |zrm\l7 er\l)p(zm, Zrm\l)p(zw’ zrw\l)

Nl be N N o
R\l ' RM\I
N e +Te N()(>+N()()+C

€ )(
RW\I
u( )t + Nu( Ot +7

’ RW )

w7m’ w? r)

&Biﬁu%wé\uiz%awﬁi%%wk%é@ﬁ@
vihzegd., K@), XG), X@6)IcHEIFrTV T
EIEFIC T mEATT 5 T Lic kD, BBET I AEN
HEEXND. F720,0, 1,0, n DEIHZ, BRERMICESN
e TIVOEEI S MAP #iEIC k> TROBENS.

4. RER

WREFVOMREINT 3720, T YDT A7
LT RIERE T o 7. KBTE, B UHTF—4
vy FEMELE. 5V A LCIST— 2 £ F A R F—4
S, AT — X CEF VOSBRI, FHLEET
WVEROTT A 7= 2 OFEE FHIL, TRORIEDS
HAEIEREDIRIZL L.

4.1 EWRAT—#%
RRETIVE, TATLOMESER, flM, La—T
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FAOEREANETIVTH S, AT, R
GSAVAB 34 %, THAZDOL Y 2— « 13315 D

TF—2ERV, RBEAT—2ty NEfERLE. DEh
TWVWBT ==, BRTGDT A7 NIXHT 5 1~
5 DML a—T7F A, BEEOEMEERTENE
FNTW5. COHB, A7rd) B KEENET—
AIND, BRERDT— 2G5 B K oI T— 22t
L7z chud, EBEOTF—ZTIE, Silbor—28uc
DI ETROMECTWVS I, HISHEOEWEINIC
THIT BT ENELLARICED, ETIVREIOMRELEAH
LGB THD. ARTIEEITEM 2,360 113D, &
11,800 fFDF—=2EHWz, TDEE, 2—YDHK
DENE 3,971, TATLDOETDENL 2,383, LY a—IcH
WHNDHFEORZOEIL 11,022 THO, 22— x 71
T LOITHINC BT B RS DO%EE L 0.06% TH-T. &,
47A@% SBRRIE T — 2 RX— I EEN TR
, PEOTF—=RIIHLT, TNE5DOFERLE 12—
ﬁ%%wﬁ MR & B L TR R 12

4.2 REAHE

FREFILE LT, RMGM(16] ZRiE L, RETFIL
& OMERELLI 21T > T2, FHEHEARICIE, TR [16] & [FIAR
IZ, PR A (Mean Absolute Error: MAE) Z W
7z. MAE 33K (8) TEEE N, AN WZ ETEREN =
WC BRI IRIETH .

MAE = E:Vm i (7)
|T‘ €T
BB, TETANT—2ER, rg, 7 EETNTH, 747
L OBEOFE, EFVCE > TTHIENZREETH 5.
REFHEICBT BRERO TR f(r) ZLLNITRT.

p(rim, w,u) j{:{p p(z" [m, u)p(z’ |w, u)
(r)= Z rp(rim, w,u) (8)
reR

KERTIE, 7 AMT—2E U TIHERIC 100 1T > % LIS
HU, BOoZIT—2 e LTET NV EMRETZC LR 1
MiT& L7z, MAE & 50 sdfTD P2 VT 217>
fe. 5k, REBEETNVOEEHDS B, o,B,7,5,e DTN
TONAIN=INTA—=ZZ 0.1 ICEE LTz, £z, ERE
T, BEETINVHIS, 47—y g VEELE 100 HE L,
DI AZROBEEE G TR ZTT- T2,

4.3 BREER

DT, WERETVICBIZA—YIFARXC, &7 A4
FLTSAE Cy, BRFELCBIBZTATLIFTAZC
CHEET S AR TICOWT, ThEND Y T A2 EEZ(L

*3  http://rit.rakuten.co.jp/rdr/
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Table 3 Performance of rating prediction of each cluster in

conventional model

(a) 1—F'27 5 R % (b) 7TAF LTI A%

C. C,| MAE (SD.) C. C,]| MAE (SD.)
1 1 1.204 0.080 1 1 1.204 0.080

5 1| 1237  0.096 1 5| 1237  0.086
10 1 1.260 0.111 1 10 1.229 0.073
20 1 1.266 0.086 1 20 1.225 0.093
30 1 1.268 0.103 1 30 1.217 0.082
40 1 1.251 0.090 1 40 1.233 0.093
50 1 1.277 0.098 1 50 1.222 0.096
60 1 1.291 0.104 1 60 1.220 0.096
80 1 1.279 0.123 1 80 1.213 0.063
100 1 1.245 0.101 1 100 1.254 0.098

x4 WRETIUCBIB%T T A XD TRINERE
Table 4 Performance of rating prediction of each cluster in

proposed model

(a) 7AT LT TAR (b) HiFEY 5 A%

C T | MAE (SD) C T | MAE (SD)
1 1 1.210 0.072 1 1 1.210 0.072
5 1] 1.238 0078 1 5| 1.089  0.086

10 1| 1220 0.068 110 | 1.057  0.072

20 1| 1.233  0.080 1 20| 1.033 0.058

30 1| 1.247  0.066 1 30| 1.034  0.091

40 1| 1.234  0.073 1 40 | 1.038  0.079

50 1| 1.226  0.088 1 50| 1.061  0.101

60 1| 1.20, 0.073 1 60 | 1.057 0.083

80 1| 1.209 0.083 1 80| 1.044  0.076

100 1| 1.224 0075 1100 | 1.056  0.085

T O TIINEREZ LI L 72, 185N/ MAE O
A AR RS (S D) 2K 3, R4AIKKEFNFIURT. &
B, PHAIZRERNICHT 5 MAE OREEZRL TV 5.

7 3(a)(b), % 4(a) DFERIF, WINE TR LTI
FRZTT - TG OHIHE (MAE = 1.20) & KEAL, &
RTHNCE#NT % 7 T A2 2t TE TWRN T L AR
TE. —F, £40) OFERHS, LEa—FF XM
DVTRE, T TREVEDD, IREFIICKDIET
HNCEBRS 5 7 T AZDMETETWA T Wb 5.

RS, §7 I AR ZAEDE ST LT, FRTitEbe
WCEDKIITHEND B MR LTz, 77 AXDMAE
DRI O(n?) 755780, ARETEIET Z A 2T
DHFERZITo T, FRKERZR 51TRT.

% 5(a) DIERETIVICDOWTIE, K7 T AR
ZALER K 3 DR L AT, (ELGEHNSMERED A EL
fe. —7F, &£ 5(b) DREEZETIVICDOWTIE, HEEI I AX
DHEZLERTGE XD &R FE S5 L 75>
fo. HICHEREDRDEOM ELAE o ZFHRDO—DE LT,
WHLUzT7 =2ty hOWENET NS, 21—, 74
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R 5 1ERTETIVERETT VO TIIMERED g
Table 5 Performance comparison of rating prediction between

conventional model and proposed model

(a) FEREF L (b) HEETFIL

C. C, | MAE (SD) C T | MAE (S.D)
1] 1.204  0.080 1 1] 1195 0071
5 5| 1252 0114 5 5| 1.095  0.095

10 10 | 1.217 0.105 10 10 | 1.099 0.092
15 15 | 1.219 0.105 15 15 | 1.101 0.085
20 20 | 1.229 0.097 20 20 | 1.100 0.092
30 30 | 1.187  0.103 30 30 | 1.080 0.094
40 40 | 1.194 0.095 40 40 | 1.096 0.069
50 50 | 1.204 0.112 50 50 | 1.107 0.083

T LD THiET— X2 TH5 T LT, HDI—9D7
AT LOWERNS 7 T AR EHET ZHMETIVICE ST,
FHL OBV ENHFTEEELTED, oRETY VT
MTEEM-STAREERE Z 5N5. FHIEkETIVICE
WTUE, STHR [16] ICBWTIE SN TV D K 5 RPEREDFE
HcEhhokcehbd, Bixd7r—2tvy FZ2HNT
FHBEERZTT O RELH B EEZENS.

iz, RETIVCE, T—2OHMNZH S 2dic, 7
A 7 LSRR & ORSERRR G2 VL5 T L 23l T
WBH, ZOFRICOWTIEIAFERTIFEGRE TS ah > 7z
TERETIVIC K 2 FRIMNEYNCITAZ KD T — 2ty b
ICBWTHEZITY, HEET VOIS DOV THEMEE
LTWLREND S.

5. HbHYIC

AT, 74T LONKICEHT 5 ERMTH S 1—TF L
Ca—@REICmA, BRNEIERTH 2 7 A 7 LalifiEE
&, BENEERTHS7 A7 LAMEBEREZERL, a1—
YAOHFEZTT S 12D DET IVOREEZ Iz, LDA &
[FERIC, BENR T T A2 ZAGE LTEEANA ZET )V "
MEL, WERMCHEY A7 L, LEa—, FFERzdmwRd
BETNVERRE LUz, FBEEETIUCEWT, Collapsed
Gibbs Sampling Z W TEENR 7 T A2 Z2HEET 277
FrEH Uz, BERTTIVOMERIC OV TERNZFHILZ
119578, KiMOT7 A7 LOFSZTNTEA4 T4
DEE T T, EEERNS, LEa—IllTE 7T K
LI —EDFHiEm Z i TEE DD, fidr T A XIC
DT T VA LR T E KEZEDTORER L H o 7.
S1%1%, BOEERT—Z\O#EM L EETV, IRTTIV
DM Z D T DN D 5.
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