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SradsszunnushdudsaTuid szvuuusthdudda ulddussuui sz uuad udls
& o’ - t o \J r ar L Qa
#ldmadhmsunisdndegaifungugndnnandninnmsaaia TasgnesauuuegNgasy

& o o . & Q. .
ma%zﬁﬁmmmiuuzmmmsqﬂﬂmm‘u real-time ¥IVLIUUICAUNL interactive e-commerce
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2.7 MSIMNNUYBITZUBUUSHITUM
2.7.1 szunuusaN15185379 e-commerce o913
e niswlasdidBensaldnarendugdFe (Converting Browsers into buyers)
fidnniousdy ledfugidwidonsniolsdvesgsiaiissediufo
* o 1 a 9 Py o & 9 M ¥ - * ;
Tildvinsdeduilag sngshuns suuuzihdudaansedrefidisuungousumaril
[ [ 14
maudiauelsrauiissyeld
® (HANMFVIBUVY Cross-sell (Increasing Cross-sell)
o <o M =, J o <
szuunuhAUMEUETIMINBIIY Cross-sell TdaTuUTaguuzhFuM
v b4 [
dnduldfugadnimsdedud dusuunushiudiidszdnnmd Aundsvevuians
& 4” -1 =1 - J o 1 (] - 4 o A A a
fidfefinrseiintiy Medrutu Aulodevssuuzihduduiiudnlunszuaums checkout
F4 )
yeagnf Taviinugnanendudiiieglu shopping cart Sovieouda
o afunnaeinAnAl#nugnAl (Building Loyalty)
TuTanilegaiugsfe e-commerce fimsudsduiuganin msldivaiusensy
A 1 o o - o & A A a &
angnéndeduiiuiilevesnagnivesrsfe szuunumhdudnzinus woz@oavesdud &
mwsaiuauduiussznindn lsdrudagnd Sulsdadn BdmiunsSeudineady
dagndn TaoldszumunihduduiludnhnsGond uasinaueliassfunnudesnisves
A Ay o Y 94 L] Q ; A' d:l d' 9 o
gnfh Sagndusamusadeiudassfunamdesmaiuiu uenvinil deduq Ngadlddy
o A =] o a a2 ° &
senuuiAudinne nmnsaldruuuzthdud uazdsrunsouuziigadidudan

Bouvuiyled donane

2.7.2 MIRINUUBITZUVUUSINAUM

Recommender
System
Ratings Ratings
r ——— P Dynamic
v HTML
generator | Ly
Recomni Recomm-
1 - It l'
Customer endations endations

51 2.1 nrasmsvhevesssuunuhiFui
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msihamvssszuuuzthAud dagldi 2.1 gnfnadindadedy ladvesgsiieTa
AU Web Interface HIUNN Web Browser 11&2 Web Browser 923894883 web server é&%zﬁ
Web server software Aadefussuutuzihdud ievmihilifendudriezunziiifugnd
Taefszuunusti@ud 10214 Rating Database 1911 rating vesdudmaziddayanin
Correlation Database gm%ummﬁuﬁ'ﬁﬁmmx?imﬁuﬁu yIhnsuuzti uazeeaants

L] o A Q o~ ﬂyl as i
nuzair 1R Y Web server Seazthmsuugiidudniuluansiugndvelyl

213 mﬂﬁﬂhnna%’nmmumhﬁu% (Recommendation Method)
a A 9/ o M [] A ] Py d A
masinfil¥nszuaums msadumsuusihudrnuaisvisdumesiia e19esiing
é — A'I o A o _a :: = \ Y-
@euToanmumaiiaoadunsuusidud Fnsadfumsuunhaudniuliogna1nds
&refu Tasimunsaaglimadiafiduiitoflusszuaunsadunsuuzidudld
1 4
fagie 1lil
1. nsdadoya (Raw retrieval) Hudnyaizvesszuvit hiflnsnuznhdudfseuiiv
: 3~ [a); 1 :
nsdeverfiedudeyndudiidesnisninguvesyn Fuilumsasuausuiiognirfeve

e \

v & L) A [ Y & A ] [~ v )
fethusu liegnfdosvedsynneINUNMIUASITE Terminator sruufezaesionisFudn

A4 o . o 2 ﬂ o . P .
A Terminator 89N MANUA Fe8199z1iutsz Tentlumsuusiininouns Terminator
maduq Iiugnd1ld

2. nstaeNd0aU (Manual selected) 1 ums@enfudmszuuziil¥iugnfideau
&2 a A w4 ] o = & o
Feorvsziuussanns niediFuamauanizni Tasiinsuuzihdudniuszuuzinm
ag A = & o o d’w =) a U4
fugruluGessaiion aawaulivesgad demsnusiludavazilinesiuniang
Usznevegdanfielignfdug aunsesdszluunzadunnudledungraluns

1 4
uugthdudniulddae
- P < 2 Qdﬂlﬂ <

3. MagUlHan19a@A (Statistical summaries) ¥93THozunisademsuuzihnn
waargUnnaaNuaaeentn WARIUANY Tudenumiudrianimiionludud edrusu
Aundsvenziuummiisvesdudmdazediuiiudy
4. aamduiufsznirefudrdefudt (em-to-ltem correlation) 1Junisfmua

v -

o o d P ' [ Y a/ g ; o
amduiuszuindudfignfuaasaimaulesiudu Tasededoynilinadudaedu
14

s o Jdda 4‘1’ -~ o e dy 1Y - a/ o do
auduiuiessniufiugrunnndudiidnezgniedeniu Tasiinmduiuiiu
szniedmAudrernezldmsidrgiu (Match item) dmiudiud 1 8819 ag vy ﬁ“uﬁm‘%ﬂqn

k4 |
fnezgndedstuiumanurdu ifudu

] y
SAacy s o/

5. A duRussenINg1¥Sug1d (User-to-User correlation) Tas#ittisre 1Ay

-~

o a o A e _a d' ey A s -y
mm’dnwuwmgﬂﬁmﬁmmmusmﬁuﬁmueuq ‘Vllli'lﬂﬂ'ﬁ"ﬁ,ﬂi‘\]ﬁ!ﬂﬂ')ﬂﬂﬁlli?l"l‘ﬂllﬂﬂﬂﬂﬂ
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v ¥
anwdiusuedesaniu funsduanaqumedsauiiing@nssunsdeduduing
anuveuludnyuzideaiuniefiSoni1 (Nearest Neighborhood) fietir lugnisadnms

RIEATH

2.8 Recommender Systems Based on Collaborative Filtering
v
snmaialudedu lussououillddenldmatiansaiensuuzihdud Taeld
P ' . . . & a oM {
mAsiAfiEen31 Collaborative Filtering (CF) FuilumaiiaflFlussvuuuzihdudmlssay
anuduanniigaluilegiu unzgalffummeqszuunusihdudwuivledndszay
anudide szuunuzihdudildmadia cF ssuusihud IdfungugaduthmineTasld
a o @ P s:y a an A g

gmmmimﬂmmﬂnmumngnmﬂuauqszuuu11z°l%’mﬂuﬂmmnmwaﬂumnwumgﬂﬁ'1
& - ¥ a - 1 e v (] o .&’ L) =
Faziideyanimfartuvesgadnguithwnedirum edgu Sannsdedudvesgadni

a 9

v ¥
anfulududnlsznnidertu niesnyasiidovesgniigedui lulszianideadu &l
& A T e 43' a 4 - ;d Yo - o oL

gadaunilsiieglunduimsdedudrvuin maiialinewlsdansinunarseanesny
ez Irinnadenisuuziih

& '3 o . o ~ o L]

Famsvnuveamaiia cF uiudumsinude matiamsvinelu cF Tami
maAavesnssnnusinms ez s e ude fufwesgnd i univsusududh
/s o * e :’ CY L4 $ A ' A d’i
feufusunsniminvesms azuuuanuyeudedudrvengugniauduiive 19Tuns

L3 é o ¥ ¥
mneaezligasnisduauasil

P, =v, +E> W@, -v,) @1)

i=1

T o d'd' (=) .
P, = fysamsvinneaIYeLveIAi a Midsusuredud j
v = sundevesmsifazuuuaiuyeuvessgnfidsus
a
n = innugndm ieazuuunuyeudedud iidesmsinng
v = aundsvsinsidazuuunauysuvssgnfmdasauldazuuuaiuyende
1

FusMdean1siiug
Y d' T 9 L] :; o
v, = sedunzuuuauTeungniudazauldnzuuudefudidesmninng

. [J ay o o = s ' & 4 o v
w(a, i) = mmanhminianuRsaiusgnhegadfitousuiugnd maazau

asSannuifeaRuseningnd a uazgad i aunsedaldnnmssinnum

(NI UY891AAA(Person Correlationw(a, 7))
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Z i w? (va, i~ ;)_a-)(vi, i v—:)
VW0, v Wi, )

w(a,i) = (22)

9 ’
W, = migaahminfannumoaiussuindui 5

naruns 2.2 siuiiinsdSudserunsiedulszantamidiiasmaiudwn
J A‘ \ A o’ o/ é v \ oy o 1 o 1 1.
yulagiinsrgaaimin w il luaums 2.2 FudusrdrniminfilFiannuneaiu
s NAUS (Mutual Information)deamstugihldfugadinunguussdufingnfnudus

v o é LA :’ o o W J
finnuyeuswfudssdanhnin w, midnngasmadaudi

w, =I(V;;V,) (2.3)
Tagi
IV V)=H¥)+HV,)-HV V) (2.4)

=} 9 3 A
H (V) 78 Entropy Y9903 INAZIUUANFOUVES Product j Uay H(V,,V,) A Entropy
1] as v . é
494013 IMASUUUAUFB VT IWAUTZNIN Product j 1AZ Product t # 43 Entropy nldnn

9
gaInIsAINALH

H,=-Yp,;log, p,, @.5)

p,, = fmmninuduiigndiaziuundayssdvazindedudh

2.9 Selecting Relevant Instances
4 o .3' A o o ~ & - o
aglsfinwelassafiuguiidyveunaiin CF dugilassausn Asn1sve1en?
— 4’ o ¥ A J & L - o
fvtuvesinnudeyagndfitinniudiligiiumaiia CF annsodszuanasmaudeyn
.4 L é 1 as .

gnfldtsznatuaulunanisyszuanassdumil udszun e-commerce minTmivzdes
sesfudeyavesgnd 1diiusmaunarsfudruenssi ifinailgmifinarluns
Yszaanauudulyl

gilassaficesnsiulyenuamasuuzhdud ldiuga Tasgafaunsaidels

Y 0o A 3 [ Py i 2 3
18 funsnuitdudensyunfiizfisgadimudiigndisey Fedgnduveleszuy
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b4 ¥ [
nuzthududrdedudnivdaduilududigad liinnmseunegnfrfes lildszuy
b 4

uugthdudniudnde i

ngilassafinandidisduluesvesilymveamnila cF dudatiiwiudeya

A 4’ ° A [~ ° T A q’;’
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&d d' o/ d' & a g ~ o 9 o 9 A A °
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y
Taem l&engasiuandsi

Z jeM,,je:I(Vf;Vt)
n, -1

R, =log n,. (2.6)

R,, = smnuinsniuimnzaufududfidesmsiusih ifugndriigousy
o = ' o
n, = snnuszuuuiigndudazauliazuuu

M, = aquyesdudniiliazuuuTasgndmdazay

Tagsiin RS seanudidunnsmaiinumngaunniigassningnfide
-~ 4 L] ¢ P2 4 3 o o
Fudridesmsuusihldfugadmbousuiusnau 4% auudni 14 lunsine
anuveuvesgnAwedudmdeanisuuziir dauswauiivne (1-4)% auniiaay
9 v Y - a o 9 o d‘d‘ e v
mnzaulesszningnideaudiidesnsnuzih iifugndiideusnheennnngugadn

A Q o
il 19 unsviune

2.10 Metrics and Methodology
o~ oo o v o t 3 o d' :i
mafindsnsiaszuudiinnugadeaniudilunisinneanuyeuvesgnd e
LY & y d‘ v * . l :i o
sureAuAFa9z 1§inaiia(Mean Absolute Error: MAE) fimeinswadeszndnmiinng1d
fusreSefigndrlinzuuunuyeuier el dmgquameenisinne mldvingas

e o &
ATUINUAIU

Der

va,j _pa,j
q

MAE = 2.7

v, , =maznuuanuyeviigndrlungu Test Set 1413

., =fazuuuanusenivinng 13



Fosajanaizmalilodmsauma aoa. .
T = nqugnflu Test Set

[ = $1uaugaflu Test Set

53013 lumsia MAE Aevhnsudengudeynvesgadiitidl¥azuuunimven't
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1‘imwﬂzuuummwuﬂmﬂzuuu“v’]q'uw{uumngnﬂ"mdnzﬂuuﬁqmm MAE 9849)naudIu

i iy v ° v & 4 o v ° o v
avuuuiimaed T Idhmsguinnderinnefih T 1ddudausnalumsinned
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o ) I'4 o i $ °
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3.1 Use Case Diagram
Use Case Diagram ni’lu Diagram AUAAININTINATHNIUUBITL UL Tuszuunuzia
n’dy a o S 1 o o o o
ameuadil exlfuSnsuuzihnmeuasuafissurnivled Tagefonzuuuniuseund
: o é 3 3 ar A ¥
ousuiylaa 1817 13 uszun el Actor Tingadeeasse Tiil
i , t 4 3
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S A A ° o 9 o o ar a s '
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FmneazuiuaTeTYengugnA mansufiousumaziuun wyeudingugndmanesld
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2. §iousy (User) Aogiidwnonsunaziesvensuuziiininouaianssuunu
od ) $ o qQ ¥ o .
AulwdasediBonyusndunidszuylddesinng Register NUsTUUHAZHINT Login 1%
o/ 9 % s 1A P
anTasdiBesaunsaiaznuunureuiunmeuaiudazizes uf luazuuunuyeuh
w13 unzuﬁ"lui’feunﬁ'auﬁ'wmﬁz?mmmmeTﬁﬂiznuﬂzﬁ'lmmuzmmwuum%"lﬁ'ﬁ'uﬁ'
=
Doy
nnsAnyIsTIUIuznmeuas dsnesauvuszuutazdowdiu Use Case
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° ¥ Ao v = P 9/ 2] £ 4 Jd 1 A
FmthiidadedioousudsMifidousuannsaliazuuunnuyeudenmeuasudaziseuns
o /q 9o o & wqy v oA ' a
nuztinmouasIdfudBeusuiidh Idazuuunusen daufigeuiludiuvesmsiaion
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Register, Vote, Edit Vote, Edit Profile, Recommend Movie, Select Target, Training Data 11ag

Evaluation

Movie Recommender System

UC2: Register

UC4: Edit Vote

ot

UCS: Edit Profile

UC6: Recommend Movie

UCT: Select Target

UC8: Training Data

UC9: Evaluation

51 3.1 Use Case Diagram szunnuziiinmouas

Admin
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9131l 3.1 uaasasiinuTaedideusuezidunlfszuununihnmouaiiu
< o 9 @ ) 9 ' & A . vo 9d o
Sulodezdeainng Login 19155 uuABUFINITNEL Login IATuFiBourudeniins
' P2 . v
amziisususzuuieHiansd 195z vy Wedivouyy Login ihunluszuundiszuney
/9 Y 7 A 494 9
warass1ensnneuas Hfidoury nmouasises Tnuidioousumosuaunsaldazuuy
L A L o o &
anuvey Tagszaunziiunuweuziia 1-5 amszaunmweues innawddy
ovsnannsond lwazuuunnuseniiae i 13uda 1duazaunsond lvdsz Tavesdivouyy
A ™ [ A slci 9 -~ < ° °
wlaoussiaru lefdisouyuldaznuuniuyeuouieondiszuuieziinsuuziin
amouas i iudideus Taserdonzuuunimseviidenld T hinlladensuuzih
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msieludinvesfguaszuuizihmadenngunmeuaiiszuuziinivhniou
foyaritev e High Relevant voafiiinamimeaiudummauainnuziiuaziden AUNA

Relevant qeaasnau Kifte 19 lumsadwansuuzih idudioousy

15197 3.1 HAAIR1DTLY Use Case Diagram U84 Login

Use Case Name UCI1 Login
Use Case Description M5 Login 1119 mszvunuztinimouad

9 4 d P
Actor fioouwundy lea

. A < o A -
Trigger fivonwnau ledieniany Login
' 2 ; 2 ot

Pre-Condition divousudulaminameiioniiead wang lunisldou

o o a @ oA
i::‘uuuuzmmﬂtlumlm:qulifm%ﬂ

.- < & 4 o
Post-Condition Ao ladounsmdhlFnussumnzhnmeuas 18
Basic Flow 1) §igourunsen Username 110g Password

2) 53 UUATIVABU Username 11ag Password gﬂﬁlﬁ)d

3) szuveyanaliidlFmiszuunusihnmouas

Alternative Flow 2a) 3¥UUAT 9001 Username I Password "lll'i‘]ﬂﬁ?l’ﬂﬂ AT

v -
HAANUBNINIADU
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13199 3.2 1AAIA1BF 1Y Use Case Diagram U84 Register

Use Case Name

UC2 Register

Use Case Description

I A a % 9 -~ L)
myamfisuineaseans lums ldnuszuunasNgaia959

Actor

P a 4
Aiournin laa

Trigger

A d s A -
ﬁ'msmmnu"l%maﬂﬂmqmmmzlu

Pre-Condition

Post-Condition

disousudu leanamzidion1d

Basic Flow

1) nyendeyafivousy
v v g o A
2) TULATIVAOUAMNNABIVBITBYAFIBENTY 1FU Yo-ana
A d ad v
INA 81g 9-110a s¥ia 115188 Username 1102 Password ATUNIU
3) 5YUUATIVABU I Username Wejidousunsen hitilas 14

4) iunnnagiudeya

Alternative Flow

9
i)

2a) szuUATIvAeUYeNafBusNnsen TignAseasudau:

FLULNAANTBAMNABY
9 L]

3a) SEUVATIVABUI Username NiBousunsaniiauduliog

1A STUVIAAITERNNIABY

M990 3.3 1AAIA19T 18 Use Case Diagram Y84 Vote

Use Case Name

UC3 Vote

Use Case Description

asnziuuamyenldiunneuasIaaziseq

Actor diousuduloa
a
Trigger Aoy ladidenniy Add Vote

Pre-Condition

9 < J o . 999
gwuuwnu"lwmms Login !‘\lﬂ‘b’ﬂui:‘ﬂ‘u

Post-Condition

8 g 4 o
ﬁwﬂuwnn"lwmmuuummmn NINIUAT

Basic Flow

= A Iy ¥
1) fidourudensionsnimeuaindesnisasazuuuld
t=i =) g v J;.a'
2) fiBouruenszAunzIuuAITeLIABNINEUATNADINS
asazuuu i
a AN @ J Jd‘ 9
3) fiourududumsasazuuuden meuasNdeINITaIAZIUY
' . v e
4) fideurunaily Finish ietiudfinaziuuviai Idasnziuu1iag

gudeya

Alternative Flow

3a) fiousuonidnmansnziu: idensonInmeunas ni
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M13190 3.4 1AA9A19TU18 Use Case Diagram ¥4 Edit Vote

Use Case Name UC4 Edit Vote
o g ci 9 o d v 4'
Use Case Description ufﬂ‘uﬂzlmummasamlms“lnnumwnuns HAQSIIAN
v & a %

Actor Aioouwuinlaa
Trigger diensudy ladideniny Edit Vote
Pre-Condition Aoy ledsinig Login ildauszuy

. i d ¢
Post-Condition Aivouruiuladud lvnziunuveunmounas 18

. 9 A Iy

Basic Flow 1) dideurdensenisnimuasidesnisud luaziuu

9 i A o Ay @
2) g{mtjwmaenszauﬂzuuummmnmmmmﬁ'"l«un‘u
-
mwouasnag Iiazuuuld

5 . v o
3) didsamitudunsud luazuuudenmounsiineldazuuull

Alternative Flow 3a) fiBonrwsnidnnsud luazin: ifensiemanmouas i

M319N 3.5 ARIA19T1NY Use Case Diagram Y94 Edit Profile

Use Case Name UCS5 Edit Profile

Use Case Description divoumuiy ladud ludoyadiudauas password ¥BIAUIBY

Actor Aidourniulad

Trigger Aidousuiiu e niy Edit Profile

Pre-Condition Adensuiuladins Login i 1F sz

Post-Condition divousudinladud ludeyadauda 1dduse

Basic Flow 1) fisensund ludoyadrudasu Fo-ana me 01g B-1d
svialalswdld

9 k4 2 v A
2) 5TULATIVABLAIINNABIVBITRYAKBENN 15U Yo-ana
A d _ a - Jd
e 819 B-d sialalswdld asudau
3) Qidonwun3en password 1A
4) fivouyunsen password 1nai
5) 32UVATIVABY password IAIYAABY

6) szumihnstiunindeyann/asunilas

Alternative Flow 2a) s7uUAsvaRudeyanfdisousunsen higndesnsudiu:
sTuunAaIien ALY

5a) 32UUATIVABY password Tigndea: naasdenmududou
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13191 3.6 AAIR1BTLIY Use Case Diagram Y89 Recommend Movie

Use Case Name

UC6 Recommend Movie

Use Case Description

o o 9 o ~
iS‘U‘U'ﬂ1ﬂ15!!u$u1ﬂ1ﬂﬂuﬂﬁﬂﬂﬂﬁlﬂflll‘lfll

Actor

= d s
Aioouranin lod

Trigger

~ g oS A
ﬁ’lﬂﬂuﬁﬂln‘u"lq‘ﬂmﬂﬂluu Recommend

Pre-Condition

~ < d o 5 ¥
ﬁwﬂnwnu"l‘mmms Login n’fﬂsmuszuu

Post-Condition

° 9 o o
sz‘uuuuzmmwuunﬂnnuﬁ'mnuw

Basic Flow

o o 4 o @
1) FTUBHULINNEUAT INIBoNFUANTIALAINYBLINNGA

lilieoqa

Alternative Flow

M1319N 3.7 1AAIR10T118 Use Case Diagram Y94 Select Target

Use Case Name

UC7 Select Target

§ ¥ o A ' I g o qQ Yo
Use Case Description dauaszunhinsdenaguameuaindesuunihlvinudisonsy
< 4
A laa
Actor dauaszuu
Trigger figuaszuifeniuy Select Target

Pre-Condition

szuhmsFeudegudeya

Post-Condition

I8nguameuasini lluushldfudisonsniuled

Basic Flow

b - o

1) fauaszupidentsaannmouas
- v A o
2) fguaszuuidensasiiinmeuaseannio
o A

3) sTuuLaAIIMs Mwouasalszinnuaznesnnie
4) figuazszUIRBNAMEUATIINTIBNITNINEUATTISZULIAAS
il s lirudidousninled

5) szuutiunnnguamouasi ididen 13

Alternative Flow

12) fguaszuy hi'ldidentszinnnmeuas: ssuunaasdenin

-~
U




M1519N 3.8 1AA9A19T118 Use Case Diagram U84 Training Data
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Use Case Name

UCS8 Training Data

Use Case Description

figuaszuU N3 Training Data

Actor

fauaszuy

Trigger

figuaszuuIABNINY Training Data

Pre-Condition

P ' I ¥ 0o q Yy
ﬁguaizn‘umaﬂﬂqummmmmmmmuzuﬂ‘nﬁmumm

Post-Condition

14 Training Data

Basic Flow

1) §guasz VYN Training Data
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Abstract Cconsumer.
Collabosative fhennghas been very successful in
Collaborative fillering wses @ database abow ~ both h and p However, there still remain
consumers' preferences 10 make personal product important mh issues in OW'-‘Omﬂ“ﬂl two
recommendations and is ackieving widespread success in fi for collaborative filtering [8].
E- Commen:t mwadays. In this paper, we present several The first dnllcngc st nnpmve lhe ’ulalumy of the
Jeats hods to imp the y of ilab filtering al,
callabamnv: ﬁhmng algamhnu Funhemwre, we filtering algorithms can deal with tllousuds of consumcrs
propose 1o reduce the training dota set by selecting only within a reagonable time, but the demand of modemn E-
highly rel i WE 17 various ‘Jaa C is 1o handle tems of millions of
the well-known EachMovie data set. Our experimental consumers.
resuits show that mutual uy'onnanon achieves the largest The second challeage is to improve xhe quality of the
accuracy gain amang all fea hting hods. The d: for the need
mrmremghnulhmwdam duction method dati Mmfmﬂmhﬂp them find
even achieves an improvement of the accuracy of about products they wil like. I a usis a
6% while speeding wp the llab ive filtering system, purchases a product, but finds out he does not like
algorithm byafacmrofls, the product, the consumer will be unlikely to use the
recommender systems again.
1. Intreduction In this paper, wo present different feature weighting
hods to imp the of collaborati ﬁuenng
The I ish ingly used as a channel for sales algorithm.  Fur
and marketing. More and more people p prod nmmofanxnmmcwﬂnctzgetmdpmpoumm
through the Internet, Onc main problem that the 3¢ g data sct by sclecting only highly relevant

customers face is how to find the product they likc from
mlllwnsofpmducls.Forlhvenda' ug:m.msaumho

find out abow the P for p:
Conzbomivc fillering or recommender sysiems have

d in resp to these problems(1) [6]{10).
Collnbonnve fi Iu:rmg accumulates a database of
P p lnd Ihen uses dmem to

make ilored for

such as clothing, music, books, furniture, and mavies, The
comumeu petference can be either explicit votes or
fperchase history. Collaborative filtering
can belp E-commerce in coaverting web surfers  into
buyers by personalization of the web interface. It can also
improves cross-sell by suggcsdng other products the
might be i d in. In a world where an E-
commerce site's competitors arc only a click or two away,
gaining customer loyalty is an essentisl business stratcgy.
Collaborative filtering can improve the loyalty by creating
2 value-added rclationship b upplier .and

1529-4188/01 $10.00 © 2001 IERE

In section 2, we briefly introduce collaborative
ﬁhcrm; -!gnnthim. We prescat differcat  feature
i ng inverse user frequency,
cntmpy and mutyal information in scction 3. We prupose
a mutwsal information bascd data reduction method for
collaborative filtering in section 4. The cmpinml
evaluation of these methods and results arc reported in
scction 5, The paper ends with 8 summary and some
interesting future work.

2. Collaborative Filtering

The task in collaborative filtering is to predict the
pufamceof:n ncdvccommw npmpmlmbnsed
on a database of There are
two gencral classes ol’colhborwva fikering algorithms:
memory-bascd methods and modcl-based methods.

Memory-based algorithm [6][10] is the most popalar

Stemcns AU, The comtact suthor is Xisowel X Xisowei Xn@mchp.semans.de
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di hni in llaborative  filtering
lpplmuons. The besic idea is to compute the ncuve
consumers predicted vote of a product as a weigh

consumcrsvolcsnnt\epmductwtexceplﬂ-elargu

average of the votes given to that product by other
consumers. Specifically, the prediction P, of the active

consumer a on product j is given by:
P, = ve tk Y mai)v, —v) Q@n
=
where n ix the oumber of the consumers who rated
product j. V; is the mcan vole for consumer i. v; is the

product can be regarded as fe of this
Hence, introducti ofsomefeamwugfﬁngmﬂhods
may be uscful to impr the y aof predi

Through weighting, we can focus on the gaod products
while removing bad ones or reducing their impacts. Votes
on a *good product’ are highly relevant to the prefcrence
for the target product, while a *bad product’ is irrelevant
or noisy in prediction for the target product. Such
weighting methods can be derived from psychological
and statistical obscfvahons. When using weight the
similarity are modified as

vote cast by i on j. wia,Dis the similari b

a and . k is a normalizing factor such that the absolute
values of the weights sum to unity. There are two popular
sxmllarny a person fatior coefficient and
cosine vector similarity. Since the comclalion-based
algorithm outperforms the cosine  vector  based
algorithm{1]), we usc the former onc as the similacity
measure. The person correlation cocfficiem [6] between
consumes a and { is defined as:

N P T
w(a.i) @2
X ) X

Memory-based methods have the ad ges of being
able to rapidly incorporaic the most up-to-date
information and relatively accuxate prediction (1], but

they suffer [rom poor scalability for Jarge numbers of,

This is t the search for all similar
consumers is slow in large databases,

Model-| based collaboﬂnvc filtering, in comtrast, uscs
the b to leam a model,
which is then used for predications. The modcl can be
built ofi-line over several hours or days. The resulting
model is very small, very fast, and essentiaily as accurate
as memory-based methods [1). Model-based methods
may prove practical for envi in which
preferences change stowly with respect to the time necded

St o
T Tt T ST
where w; represent the weight of product j with respect o
the target product,

3.1 Inverse User Frequency

In applications of vector similagity in information
retrieval, word frequencics are typically modificd by the
inverse document frequency [7] The idea is to reduce

ights for g words, capturing the
intuition that they are no( useful in ldennfylng the topic of
a document, while words that occnr less frequently are
morc indicative of the topic. Bresse et al [1] applied an
analogous transformation to votes in a collaborative
(iltering database, which is termed inverse uscr frequency.
The idea is that universally fiked products are not as
useful in capturing simil: as len ¥
So inverse user frequency weight is d d as foll

w,= log.:- 32)
"

where . is the number of consumers who have voted for

pmducl J, and n is the total number of consumers in the

to build the model. Model-based hods, h , are
not suitable for in which consumer
prefe dels must be updated rapidly or frequendy.

In this paper, we will focus on memory-based
algorithms and prcsent some new mcthods to improve the
scalability and the accuracy.

3. Feature Weighting Methods

As indicated before, collaborative filtering is buili on
the assumption that a good way to predict the preference
of the active consumer for a target product is to find other
consumers who have similar preferences, and then use
those similar consumers” preferences for that product to
nmkclpredkummmmynmm\sbuedon
preference  patterns  of Th a

base. Note that if everyonc has voted on product j,
then the weight is 2ero. However, if in a database every
product received about the same numbcer of voles, this
weighting method can not make sense,

3.2 Entropy

The of introduced as a
of uncertainty of a random vuiabk: {9]). The diversity (or
distribution) of consumer® votes 10 a specific product will
be apparently meaningful in collaborative filtering. Let's
consider a special case, if all the consumers give a very
high vote on a product, then it is indicated that all the
votes on this product will make no sense in computing
similarity b b it can’t tell any
distinction among But if alt the votes on a
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item are very diversc, almost identically diswibuted over
the range of the vote, then all the votes on this prodoct
will be very indicative in capturing the bias of consumers.
Bmdontheabuvclmﬂon W¢ proposc an enfropy-
based weightis hod in collaborative filtering:
wi=H [H, o 33)

where H; ==Y p.,log, P,

In ¢q.(3.3) Hj is the entropy of product j, py is the
probability of votcs on product j valved i, and Hjme,
represents the maximum entropy which assumes the
distributions over all classes of vote are jdentical. This
term is introduced to avoid the impuct of different discrete
vote ranges for different products. Thus, a large value of
w; means diverse preference forp’odll:t},andhcnce more

cmphases should be put on those votes for j in prediction.
However, the proposed wmghung scheme
might encovnler the risk that thm is no significant
differcace of the py from p 1o product. In the
case of movie recommendation xt is quite posnble that the
people’s tastes towards every specific movie are all very
diversc. In such a case, wy is closc 0 1 for most of the
movies and the entropy-based feature weighting can’t
result in any impressive improvement.

3.3 Mutual Information

The two feature-weighting methods mentioned above
are derived from the characteristics of single products.
But our task is from some knowledge about other features
to make a prediction for the target. So a better way should
bo to explore some kind of internal conneclion between
features and the target. Tf the votes of the target product
are found to be highly dependent on the votes of product
Jj» we should assign a large weight to /.

Example 1. If 50 Juscrs give votes for two
movies, i and j, and vote takes the valuc fromOto 1, lct us
consider two different situations, case 1 and case 2
respectively, as shown in fig.l. In case 1, we find
consumers are ncarly uniformly distributed in the movic-
movie vote space, If A and B arc two arbitrary users who
both have close interests to movie i, it does not
necessarily indicate that thcy have also similar
preferences for movie j. But in case 2, the situation is
quite differcnt. We can find for those consumers who
dislike movie i, movie j always is their favorite. While
those consumers who like movie { always rate the other
one just above the average. In summary, in the second
case movie i should play an impartant role in inferring
some consumer’s preference for movie j, while in case 1
it is not so uscful.

Formatly, the dependence of product j on i may be
defined by a conditional probability:

PV VK el I ~n,, e G4
where ul and 2 rep two arbi and e
uaﬂnd:old.lfﬂ:ednﬂ‘uweebetweentwvotests
below e, those two votes are regarded to be ‘closc’. The
above conditional probability indicates the probability of
the case that two arbitrary consumers have close
prefesence for product j given the condition that those twe
consumers have close prefercnce for product i.

[o]

1, o0l
40 o 9V O
[] 2 s s ) 1]

Case 1

.

g bty
T

Figure i. Consumer In example 1

To apply depend ighti h in
collaborative filtering, we could calculae it ncwrdmg L)
formula (3.4). However, this would bc very expensive
since its runtime complexity is O(n®m") if 4 is the number
of and m the ber of prod Instead, we
will approximate dependeace by the mutual information
between @ feature and the target. We will sec below that
this approximation bchaves well and is significantly more
efficicnt to calculate,

In mfonmuol themy m\mnl mfomnuon mptmms a

of P two
variablcs X and Y with iated probability distrit
plx) and p(y) respectively. Following Shannon [9], the
mutual information between X and Y is defined as:

¥y= o; _"’i‘x‘—yl' =
1(X:Y) Z; plxy) s[p(x)l'(l)
can be cquivalently

r t “qunl infc
formed into the 2 £
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HX:;Y)y=H(X)-H(X¥) (3.6
HX:Y)=H(Y)-H(Y1X) @an
X =HX)+HXY)-H(X.Y) G8)

where H(X) is the cniropy of X, H{X1Y) is the conditional
entropy of X given ¥ and H(X.Y) is the joint cntropy of
two random variables. The definition of the conditional
entropy, the joint cntropy and the proof of the above
equations can be found in [2] The cquations above
mdicale that mutual i also rep the
jon of inty) of one
information of the other varlable.

PR

given

Theovem: Given two products i and j, as well as
distributions of votcs on them, P(V,) and P(V;) . And e is
the interval of discrete value for vote. If ul and u2 are two
wrhitrary consumers who have vowed for both prod

where H{V;V,) is the joint entropy between two products.
Since not all the consumers have votcd for the two
product, calculation is done over the ovcth). If the
average number of lapp two
wodmsisn.u\dummwullymwwminm
training data sct, the computational complemy for
calculating the mutual information between all pairs of
products is Ofnm’).

4. Selecting Relevant Instances

An lm:resung quesuon is. smce lhe number of
is g, how to
specd up the predicti "To %o this chall

propose 2 mcthod to m:luccrrhc lmnmgdalaset by.

sclecting only highy relevant instances. In our :pphmhon

then

d[P(l"/m"pzk“"m "l,zk‘)l S0 39
i)

Proof:
Since P(V,) and P (V;) ar given, we have:
a1l =d[Hw)- BV, W] 310
=-d[H¥, V)]
Incquation (3.8) can be written as:
"IP(I"M “Vyalke l Wi~V K 5)] ° @1
d{rE, V)|

Next, we have

H(V, V)= T eV mv)H (V,1v,mv) (3.12)
and
v~y ke Il"u"';.zkl)

Yy "’)’P(l"lal -V, _,!(e( Vi =V =v) 3.13)
oL

Tolv=v'

L1

where Ris the set of all discrete voies. From eq. (3.12)
and eq. (3.13) we can casily derive ineq. (3.11).
Therefore, incq.(3.9) holds. =}

The above theorem clearly shows that large mutual
information between the feature and the targst means a
high dependency b them. Therefore, it

ag

us to proposc mutual inf ion as a weighti thod
in collaborative filtering.
w,=1(V,;Y,)) (3.14)

whcrc\/,andv,mﬂlcvmonpmductjmdmgel
product } resp y rding 10 cq. (3.8), we use the
foll ion 10 cstimatc the mutual information
betweentwo

pfoducts
I, V)=H(V)+H(V)—H(V‘.V) (3.15)

288

the d is the in the p

In collaborative filtering algnnlhm, the computational
complexity is linear with respect to the number of
consumers who cast a vote lo the predicted product (s in
q. 2.1). Therefore, ore way to speed up the process of
recommendation is 10 reducc the number of consumers for
every target product in the training data set. This can be
dowe through random sampling or data focussing
techniques[3}{4}. Howcver these methods bave the
problem that the quafity of the prediction is reduced due
1o the loss of information.

We propose a data reducti thod thal can even
improve the quality of the prediction. Intuitively, this data
reduction works as follows: First, we pick up the
consumers who have given votes to many products
because of their low sparsity and clear profile. Secondly,
we wish to sclect consumers whose voles are mainly over
dependant products, since those products can provide
more accurate information to infer a conswmer’s
preference. Based on the sbove analysis, we use the
following measure to mnk the relevance of consumer i 1o

target product 12
M (3.15)
n,~1

where n; is the number of the votes cast by i. M, is the sct
of products voted by i, For every product in the training
dmsct.wetankeonsumwhocaﬂlvomlolhe

g the el (eq. 3.15) and only the
lnp k% ofthcnnhng list will be used in the prediction.
The rest (1-k)% will be removed from the training data
set. In this case, the sefection rate is k% and the reduction
rate is (1-)%.

S. Experimental Evaluation
In thls section, we repon mults of an expcrimental

of our prop y ‘We describe the
data set used, the cxperimental methodology, as well as

R, =logn,-
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the perfi impt wpared with tradi 1
techniques.
5.1 The EachiMovie Database

QOur result show that mutoal information
bascd weighting achieves the best accuracy, yielding an
improvement of about 5% compared to the standard
mcthod without feature weighting. Entropy  based
method.onﬂwoﬂlerhandoumnonlynshgm

We ran experiments using data from the EachM:
collaborative filtering service, which was pant of a
me-nh pm]ecl at me Systems Research Center of Digital

datal votes from
72,916 users on 1,628 movies. User votes were recorded
on a numeric six-point scale (We transferitt0 0, 1, 2, 3,4,
and 5).

Although data from 72,916 users is available, we
restrict our analysis o 35,527 users who gave at least 20
votesoverdwtmany 1623 movics. For those users whose
vote number is less than 20, since their profiles are
unclear, it is hard to be used in cvaluation. Morcover, to
speed up our domty selected 10,000
users from (he 35,527 users and divided them into a
training set (8000 users) and a test set (2000 users).

5.2 Metrics and Methodalogy

Since we arc intercsted in a system that can accurately
predict a consumer’s vote on a specific product, we use
the mesn absolute error (MAE), where the error is the
value of the differences between the actual voic and the
predicted vate, to evaluate the quality of prediction. This
metric has been widely used in previous work{1], [5], (6]
and {10).

As in [1], we also employ two protocols, All but One,
and Given K. In the first class, we randomly bide an
existing vole for each 1est consumer, and try 1o predict its
value given all the other votcs the corsumer has voted on.
The All but One expériments investigate the algorithms®
performance when given as much data as possible from
euch test and arc indicative of what might bo
cxpec(ed of ihe algusithms under sicady state usage where
the datab has lated a fair of data about
a particular consutner. The second protocol, Given K,
randomly select X votes from each test consumer as the
observed votes, and then atticmpts to predict the remaining
yotes. It looks at consumers with less data available, aod
examines the performance of the algorithes when there is
relatively linle known about an active consumer. Its
results show the performance of algori‘hms during the
starwp period, when a consumer is ncw 1o a particular

llaborative filtering

5.3 Results

As showp in Fig.2, we investigale the accuracy of
collaborative filtering using din‘qu( feature wclghlmg
hods. The f were d for trai
with 200, S(X) 1000, 2000, 50(X)andfnnlly8m0
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P This can be explained by the fact that the
variance of entropy across movics is not very large. We
also find chat weighting by the inverse user frequency

even red the y of f
] = -t g
houl ~A-Ewopy
m 17— brverse Uyer Frog.
140
vV
= !::4

BEERRSES

© 00 406X 9908
Size of Trathing Set{ ¢ of Users )

Figure 2. AN but One results of feature weighting
in different tralning sizes

(S |

5 w0 15 20 28 2
Given K

Flgure 3. Given K resuits of mutual
Information weighting method

Fig.3 shows results under the protocols of Given 5, 10, 15,
20,25, 30. In me six cascs, mutua) information weighting
resulis in an fmpr The i of
MAE varies from 1.5% to 45%. The r&sulls indicate the
more we know about the active consumer, the more
improvement can be achieved by our weighting scheme.
We -lso evaluated the performance of our method of
) The are given in
Fig. 4 and Fig. 5. As described in section 4, we sort
consumers in descending order of their relevance to each
movie, and seloct highly relevant consumers for the
prediction in diffefent selection rates of 3.13%, 6.25%,
12.5%, 25%, 62.5% and 100%. The re!ull: are oompamd
pling. The prop
method owperforms rand pling in y. and
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the combination with mutal information based feature
weighting results in further 4-5% improvement ofmun

to model-based collaborative fillering algotithms. We will
alsomvmxgmclhepufomnanceofourmqmdsmom

absolute esror. As shown in Figurc 5, the comp
complexity is Jinear with respect to the number of
consumers in the lmimng daia set. For :nmplc. 1f we
select 6.25% of the training size, the 8

time for each vote is reduced from 399 ms 10 275 ms.

104 8 i~ Rercom Saplng
—O— Froptmsd Serting
s —A\— Proposed Sencling + Weighting
E oo
g s Qr°/°/
i s —a———h
] & pb

G0 1 02 03 04 05 0§ 07 08 Q9 10 4.4
Satection Fute of Traning tke

Fgure 4, All But One performancs for differant
selection rates

Moreover, Figure 4 shows that there is an optimal
selcction rate with respect to the accuracy, which is
6.25%. Tomhzdc,wemndmveovuﬁ
lmprovemenx in accuracy by using only 6.25% of the

i such as web page usage miming and text

PP

mining.

Avergge Presdfiction Time far One vote (s)

'00 01 02 03 G4 05 06 07 08 09 10 L1
Setection Fise of Trairing Sie

Figure 5. Prediction time for different
salection rates
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