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ABSTRACT

Collaborative filtering is a technique that is used for recommender system which is a
system for recommending products or service to customers that confront with a large amount of
data on e-commerce system. The difficulty is that customers might not find what they are looking
for before making the decision. Therefore, recommender system was invented to make such that
issue easier. This paper proposes a choice of preferences prediction method in collaborative
filtering system using naive Bayes theorem with Laplace smoothing for weighing preference.
Then, linear combination is used to combine all weighed preference as preference predicted. The
experiment is based on 2 data sets. The results show that using naive Bayes weighing with
Laplace smoothing is effective to be used as a predictor. Moreover, the results from the bigger

data set outperform another one.
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suUFonuzUURANAIwMIdulasy (Switching Hybrid Recommender) AD92111013

A e o a & o vt P > a A aad

idondsnez 1 lumsvinnoanuiion JynvesnatiaiszegimnunnlFlumsdaduludenisn
Y o = 1 -l & a a " o " o J Y

s linoanuiionszninnisans q Falszantamveamsinoiezaniuesn lyuegiv

7 I - 3
ﬂmumsmuaxnglnmmnﬁ Hﬁﬂﬂl'ﬂ

2.43 STUVYWUUSINMVUHTNAIBM THAY

LDV RN IHAY (Mixed Hybrid Recommender) 83200 01U111A20
» Il 1
maiatvefaamaimnuiounniue ldnnuaaz suoniu uaziinszuumMs NI WAININY
= = J o @ " [] " 1 " Y = = " ]
fiswveannisid 13dwiu @rediesdio q edruu msnsesswiimanuioui 3 wiis dums
-4 ° Y 4 ' " o Y yd o '
N50ABYNUIIAMITTONR 4 W1 TLUVFIUUANMUUHAUAIMATIATNIZ I U IEA oA 1Y

oy 7 iludu

2.4.4 STUVT WU MUUNANAIENTTINAVAN YT

FTUVFOUUNTIIMVVATUAIUMATIANITINAUANBUY  (Feature Combination Hybrid
. o 'u a 1 ’ o ‘&
Recommender) fDsvuuFouuziiminequanyuri ldninszuusionunimiindr lhilu

¥ W [ o an & A o a o
‘Uﬂgal”’]ﬁlu'55““1’10[[“3“Tﬂﬂ')ﬁ“u@l“ﬂ“‘lu'lﬂﬂzuuuﬂ113]“01]99"11“““18\1

2.4.5 STUUTWIUNIVUNANA M SINIANA AN Y

FEUVFIOUULTMVUHAUAINATAM SINMANAUANYYUE (Feature Augmentation Hybrid
- ] o 1 é d'. o L o
Recommender) fiomaiia luszuutouusninuuraudnedaniisiadoiuszuusiouuziny
1 »
naudomAtianITugudnae mowahquansuri lndudeyadniu sxiluguanyusz

uuylny

2.4.6 VUV IBUUINMVVHANBVVR G UFY

¥ '
FLUVFIOUNUNMVUHAUMUEIAUTY (Cascade Hybrid Recommender) ADszuuNiimsiaon

sTUUMANIAZIZUUTn 19 lumsviuneaanuiion TunsfinnmsiiuionnNuiouyeIsLuUF



12

wusihiiludlszaouluszuminneldaiiniin ssuusouusnihidluszuuseszgnly

Wudlsuuaen Nz uusoIuziMan

24.7 sznm"ammzﬁmnunamzé’mun1

¥
o il

LUVVFIUU U WVUHTUTZAVILNT (Meta-Level Hybrid Recommender) ADN13 N3 UUHIY

h.

¥ . '
uuztimdnuazszuUIB U M nNeANuvmilounu uadeyai 1deinszuulahinan

S

=1 ' o 4‘ ot
ana1 sggmi Tumunniug

2.5 RN ¥ IuszuuyenuzIn

szuugronuni lhivemguiuazimaiinaia q Wumlszgad 191 fuunfavesszu

¥
FUULALTZUY ATl

a  a ' ° X
25.1 mauniﬂi’t‘luszumnmmzuﬂmmsn‘smmam

1uiln.7.2006 Joel Bennett [8] 1aviim3sausrumatianleluszuusionuzidionisnies

» »
wanne1 1A fail

2.5.1.1 MINTDIAWMIAUN (Search as Filter)

'

dhudtmsidwigalumsuunilaoms A1 ddddny Key Word) Tumsdumasia
A 9 4'4 - 1 ar ] ar " q’: : é b ] aa' - =
e¥edeyaninnuineitesdumdidgmaniuluszuusenunmivua Fae Ifmnmilowdy
: ) o -~ = (] ar ' ¥ d'd 3 )
sanumnasamnlamdidymioudan nazes hidivuasdeyanaseennamd1fudazyanaae

& = 3 e = ' ° o a e
Fanatiniiv lnanndiiovesszuusiouuzi luilagiusain
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2.5.1.3 TF-IDF
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2.5.2.2 MINI093IUlAE0IABIULS 193 (Model-based Collaborative Filtering)
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Abstract
Collaborative filtering is a technique that is used for

recommender system which is a system for recommending
products or service to customers that confront with a

large amount of data on e-commerce system. This paper

proposes a new preferences prediction method using
naive Bayes theorem for weighing preference in
collaborative filtering system. Linear combination is used
to combine all weighed preference for prediction. The
results show that using naive Bayes weighing outperforms

the others.
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