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ABSTRACT

Nowadays, the recommendation system is one of the most important
supported technologies to e-commerce that aims for recommending the products or
services to be purchased, to increase sales. In this work, the focus on the
recommendation system for the building materials business. Building materials
business is a business that sales construction related materials and equipment, such
as, structural goods, tools supplies, etc. For customers who come to buy products will
builder professionally or customers who want to improve their homes. Products
recommendation system in this business will recommend products that can be used
in profession. Generally, system recommends products that are like the ones
purchased but regardless of context or profession of the customer. In this paper, we
propose a context awareness data modeling to specialize the recommendation system

aiming for the building materials business.

Keywords: E-Commerce, Recommendation, Context-Awareness, K-means, Thai NLP
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N5 BN T UUIHEMSIMAUIBNTNTBUUT I wionsunsnsunlulamainfidudn
lEBmsudladaymaus 2 walladulvinaiamsuugdideyavisedusiuigldnu wean
v o A Y o ] a A a a X av Y
Toideuaziasutenvoms 2 wadla Wewiledymnensasiintuainglilvinldneiiveyaly
58UV (Cold-start problem) kagT1UIUYBIYBITBY AT 319 (Sparsity problem) (35105
Usehvg wavaz, 2564)
CONTENT-BASED FILTERING

interest $

P - 2
HYBRID
RECOMMENDATION

Researcher item ratings Products Products
Recommended

)

COLLABORATIVE FILTERING

a

JUT 2-4 Tonsuwuunaunau (Hybrid Filtering)

M137: 93103 Usehiug uazany (2564)
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2.1.2 MSUIAIAUARI8AAY (Similarity measure)

2.1.2.1 Euclidean Distance

¥
A & U 1

W/NTINTLYENNUUVLATARDTIUFIVVDINTINAIANUAGIBARS ey

<9

[

AMUUANANTEIININAES X hag y lagldauniseedl

d(x,y) = JXHx; — y:)?

I X; uwag Y; Aorziuunisinzwuuvessien1sinvualagglen
WANEe AUABIAUAUTUT BRI

N A291UIUVBITENSA WAL U8 LY

NA1IARTLYLNUUUYATA ABTINTIADIVBINATINYDINAN 1A IADITENIN9DIAUTENDUT
donndednuraINmes 2 i dmiugnsldan X uag ¥ lnglddnsusuildsudmsuany

WANFNYBIINTIEI SreenLUUgAdnmIngdmiutayan TnlussAume It

2.1.2.2 Cosine Similarity

= o

aa ] v ¢ & acdyy 1 1Y = o
'Jﬁﬂ"liﬁ']ﬁ’]ﬁ'.]’]llﬂa']Uﬂaﬂﬂuaﬂ@ﬂiﬂlsﬂuLﬂuqﬁmiﬂf‘ifnﬂqﬁa’]ﬂﬂaﬂﬂu

] a ¢ = v Ao s s
FEUIN 2 DUALAUL a Lhag b IUﬂqiﬂﬂsﬂaﬂéaﬂ/n@ﬂ@EﬂuzﬂsUﬁNL'JﬂW]E]i Xa azhINeos xb hay

9 Y

AuAlaledianimes (Cosine Vector) niauigiliinines (Vector Space) aangadieiu

[

WIDMNANTLEEUITENININKBS e ldaunisaadl

=14;B;
\/Z?=1A?\/Z?=1 B?

oo A; Aoaviuuvawld A
B, feasuuuvaly B

N AvI9UIUT18NSNIRTUNITIRD U UL
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2.1.2.3 Jaccard coefficient

< o

duUseaNsAINUAR18AAINUYDY Jaccard NS BLSuNBNBY 197

'
o v v v

uUszdnsAuAdeAdaiuues Tanimoto LUuadiAnlddmsuinanuadiendsiiegadn
MIMeNsTuiuveringdmsulenansteninu duUssavsaunaendaiuues Jaccard A
Wiguiiguimidnsiuvesdldsuduiuivdnsuvesimnilegluenaisis 2 aduuslily

[

AmnbsIunu Ingldaunisaadl

ta.th

2 —_— —

— —

SIM;(to, tp) = —7
|ta| +|tp| - ta - Tp

ool L, uaz by, Aensdndusuesild A wazgly B dwmdunssom

eIy

duuszansanuadnendsiuves Jaccard uinasinenundieniuaziiniegszning 0 e 1
lpgAnfivindu 1 nunedeingiaesdinnueaiendeiu wagAvintu 0 vanefaingnsaeslydl
ANUARIEARITY MTInszesnaaenndasiufe DJ = 1 - SIMJ uawts19gld DJ unuluns

ynanInTIsa

2.1.3 widlvgdidnnsaiingd (E-Commerce)

WvEBLaNNIodnd (SunsAwes Tvswadinuwy, 2560) tJun1sanilu
ganssunanIsAudiEnnsednd Idudn1sdedudn nisviedud nisdadedudn n1s
wanUd sududMIaUsnIT LarnISETEULNAN LB UIMESIT R § 991908 aNIZAII7
Commerce L‘fJumwwmwé’ﬂﬂ%mmaamiﬁwqﬁﬂssmmqmsﬁ'} (Transaction) wagwnldy

a LY

idudndemvan asvinlianunineveandivddiannselindgnindnanununelnanasly

Do

(%
LY v A

n Aedundsdensoenaisniainagldeidn gsnssudiannselnd ilesanaseungy

()]

ANUPNNENNIN WS DLANNTOTNE
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Usznnuaawimivdaidnnsating

Hagtuwmalulagmdivgdianvseindlagnirulssendldnumany
Uszunn Uszneusmegsiamdlivddiannsednduuunimanils uwazgshandvddiinnsetind
wuulivararils Tasdssamvesndvddidnnsedndlifetelud

1) Business-to-Consumer %38 B2C v un1sanugsnssuszning
fusznaumsfuguilan Tnefussneunsfudunedud wasduilnefegnédaduliodud
wvddilannsednduszian B2C wiseanunsaisendned1dlain Electronic Retailing %30 e-
Tailing $0duiRn1sensIERNsTea A I oUS ML U ENNseTing Wy nsdade
dushuivledlaadulsddsnanaziimawienduiinanemamdmiulignnaniile
Benvudum uazidendeldnuilavou dwdfyvemndudsidnnsedndUstian B2C Ao
fuslnnansasuiunistoaudmieuimatumeudldlnenssliduaunans il
dudmieuinisismgnnitvieanaiavialy

2) Business-to-Business %38 B2B 1T un 151 ugIn 351N

Y

Husznoun1siulUsznaunisieiy deisaesaunsadulavisivisuaside nseniu

§3N35ULUY B2B 9zdsnavinlitingfnegsfangisasisanuduiusnasiuniulea 1aain

Y 9
(%

msmfugsivlutagtuasiulalatudidudasfisnadedaiuwasziu
3) Consumer-to-Consumer 138 C2C L1HunsAndugsnssusening

[
Y YV aadaa v

Auslaafuguslaadmieiues nsaiunisdeviedumeieisul ingUssasrnuandiaiulid

q
(% 1%

I & a v oA = al a v o o v o =
zilunisyeviduiloasmionishanidsudus Jannaidenazivieinunelaly
a Y« & 1Y J & o o S A o a = - a a v
dupnNaganasgevieiuies nuuivinsinanuiiietseRuvsoiowaniUisuaumm

4) Consumer-to-Business %38 C28 1Jun19alugsnssuszning
Auslaaduuseneunis Tnefiguslaanduiianiueiudan uazindhfilunisnesesiion
FIMdUAT FajUsznaunisasidudinansiaussiaivesgnadslidudaefiansandn
ansadmthelusianilviely

5) Business-to-Employee %38 B2E 1{unsaniiugsiadidnvseiind
dmsuusudgaunlalusmunsufifaulinau Feasihanlddmsunisuanaeudniaisias
ansaumanglusdng Jaihlindnauaiunsasunsvrnasvaiiuiasiluisulsauile
16 uananilfagrganUsinaaumsinuenas lngazdenaisdiannseiindunldauuwny

FatldrureanuSunualdingladuasnem
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6) e-Government Wumsiuiugsnssuinedgirdedidnnseind
wvimsliuadssrsuiiondlauiuussdudunmsuinisialy Tassumarddadudauniy
Sunieiendnatnanilein Front Office uarBniiadsannsnthlulfifeuimsnuvesnindy
wilde FsdndudundeunioFondnegimilein Back Office dmiunisuinisloiun
Uszgnau Tnsguuvunsliuinisussssuanmnsadulduinigld dedavaniiunaii
\Antusgwinanasgiulssru wunisuinslissrsuanansaduuunisdiss iy
svvudumesiinldlaglidududeaiunandsddinnuensuassming dauenainiae

gugANUazAmnwad gl senvulsengaaldanesie

Uselgsivasnndivgdidnnsatind

1) Useloviidoynna Aovinligniiannsaddugsnssusiieg Ie 24 $alus
wazannsnduifeyaifeniuauiuaruimslilunafinng aunsadendodudiingmu
ANuABINTINNTgn annsaLansmuAniiutugnATeduls wagyinliAnmsddunu
nelulgyar1vse Value Chain Integration

2) UsglewilsiendAnsgana Aetnglusmunisveenainlussiulssmataysy
Tanldagenniatu uasdstsandunulunisuinisgnéildsiuumn anduyuludiu
nansifeaiutes andununediunisdearsinsauuianlagldnisdidugsnssusiu
Sumesidaunu uagdafinlemalunisusiudmvussnunadnldsnie

3) Usylewusedinu AedivanUIuiaannisasiasiazandyminaiunig
omalumadumslitiosaniesnlidoniunludedud wasdmeduasulonialuns
MedumwaruINsivnuauluraleseiu

8) Usslewideszuuiasugia Aeviinlonananisnaarislulsemanas
AUsEMAFINSURUAT SMEs BrganunuInvasnanIAuna1svin bl seysuaIunsaLdnn

Aupuazuinislalense wazdigigantesindlunisidnisduivesrulugusuldsy
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2.1.4 Wsunsuuszenddmsuaiiawazusmsdanisiuled

CMS (Unann was@s, 2561) 8811910 Content Management System LHu

szuuiildlunisadauaruimsdanisdeyavesivladuuudniagy wu deyaddnes Uunm

wiodnte Jlilddndudediinuiluiunmsdsunioimuiivledfaunsaasaivledls

YoRvas CMS

1)
2)
3)

[ < 1% 1 <
WU IUlAeg19590157

ANNALAINATUNIUDELUN

JaLd8va9 CMS

1)

2)

I3 a 6§ 6
IULSNLIDT

2.1.5.1 W3suisutandaidavas CMS

AN5199 2-1 NS USEUIBUTDATRLESURITEUU CMS

Alfulidnludesdinnusluiunisadaduledfaunsaldaule

ANU1SOUSUITIANIS LLaz@LLaL%in‘ié’dwLWﬁwﬁm%aﬁaé’ms

dwsugnlddunglusiueeuiiames azianugeinlunisinnsiu

wngliRosnisiauzuuuureniu szdesdianuineaunisiiiednn

CMS Lﬁuﬂﬂiﬁ’liz‘U‘UﬂaﬁEJiSUUlI'ﬁ’JlIL“?Jl’]él'lﬂﬁlu

CMS

s

v
Uan

v =)
RIGH!

WordPress

Tdusedmsuiialu

ligniauuaz Module LaSuigey

Tonunlunsin@aios

Wndesnsviivaunlg
=) ‘ﬂy a 1
il onmanesinenal
5093V

n1suAte Template vinla

ADUTNIEN

Drupal

Module, Plugin #31Aaunavun

sruutasiuaulannny

i Template Tldoniloy

v

T 91umut1981Ind@ NS Ul

'
a

Sl

e

Moodle

= = 1 U 1
faudang wlun1susuuss
wAla

Tdaureutnshedmsudisuly

e

% L4

SRATERIGH

i Template Tlaontioy
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3. 5943 UNIATF1Y E-learning

LANIEAUNISNIE DbUU E-

learning

October CMS

1. Mouroudeirswazsingilu | 1. windesnisviiivaualng

nsasraduled 111 avvianesineialy
2. 1A 09N 98IUILAINUATAIN 995U
ATUOIU 2. il Template Tiidantiag

2.2 ngufiingatesinumaila

2.2.1 msudsngudayauuuiaiiu (K-means Clustering)

nswusngudeyauuuiaiiu (@v1f Uaees, 2562) iutuneuisnisdnngu

Uszbam Unsupervised Machine Learning lngld38n1suusnu (Partitioning) #eszidutaya

,gj;—; oA A a 1w v & ' % | .
%ggﬂuUQﬂUUUUﬂQanMNﬁNW%ﬂiﬁuﬂTJIﬂﬂiﬁﬂqiﬂuigﬁﬁqﬂﬂ@m@%ﬂi%ﬁ%ﬂqﬂuUU Euclidean

distance 33 1suusnutuazimualideya n seileou wvalu K nquitlidiaundnsiuiu

aq v ! VYas |gjr.:lg ua’lj
aﬁﬂﬂi%mﬂqmimihnquﬂﬂummumauﬂﬂu

1)
2)
3)

4)

whsngudoyaidu k nguitlaldiendng

AMunigaianans(centroid) vesngu TagldAadeavndn(mean)
dwiuusiagsndou thsndeudeutugaianans iedmuangs
Tfuszidou Tnsidenszoranszidoulugnfnansillndiian
wiaunsyitilifininudsunduuessudou vieasusuiuseugean

A o v
Auuald

pme

ond

nE
®poe

(N -]
(n) ()

G (a)

JUN 2-5 e 19n159ANguaIe75 K-mean Clustering
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NFUN 2-5 YumeudzsuAINgY N henAnadeisuay k (lunsdidl k=3) lny
NnsduaINTeya naRINTugy v ashinisasienay k ndu lnemuinsserinswesdeya JU A

anInaNeuRaznauazgnivunduAadenlul wagaainesy @ iddupeu @ uaz a

unsEIANasvetusaznguliUasuLUas

2.2.1.1 Hayailléusznoumsdangy
1) Fudsildlunssamngs
2) Sunungulimanedifenis
3) 33M139um (iterate) v3eduunveya (classify)
4) FEnsdenmianans
Tnei2uUs7l4luisdanguuuu K-means Clustering agfaaidush
wUsiBaUSina Aoiluainadumsnia (nterval Scale) W3oainasnsnaiu (Ration Scale) Faay

ldanunsaldivdeyaniud w3e Binary 1o

2.2.1.2 M3AUINTTILNVRITRYA
nsAwINIEevinavesayagldisnsiuiluugndn lngtuney
mMsmnazsunmAnaaluadiuniew 1 ga ntuddunisdangudeyalaefium
INTPELUNAINAUING Uazspun A IUNTAIUNIAING19EN 1 Yanieduun lngasdl
nswasuudasdayalungulagAmuinainssesiiaainaudnatstyg anlunisgiaunsens
! | = a
ANaavaengulidinsdsunlas

a I

Fn13aTUINgUITT uBY TuANUAR1EARITUYe Ry alaYay

'
1

AT EEVNTENINUAREA TITTNTAIINTEEENIUUUEATA d11150AUINLAIN

)

(%

v a
GEUIMRIZN

n
dip,q) = V(1 — 412+ (02— 422+ +(Pn— qn)? = Z 1(m— q:)*
=
p LAY g ABAIILYNMTVDIEIUVBLAUNTI p q 81 p = (P, P2, ..., Pr)
WAy g =(ql,q2, .., g,) WA n ABTIUIUANANYITURITRYALAazYA tnenMaNURves
SPREATANECD)
1) szeziaduvinaus

2) sepzianaanilsludagasiies Asrued
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3) STYLUNAIN p DN g WWIAU g DY p LAUD
4) 52gvineaInga p B9 g WaINNTNINNIIHATINTDITE UL

910 p WA r warszEeInIn q i p

2.2.2 Term Frequency Inverse Document Frequency (TF-IDF)

TF-IDF (adld giiuas, 2556) iludsnnsdsdmidnd deuldiunnluns
¥M971UF I Information Retrieval was Text mining & st u3nrsnieduad A ldlunis
AnngsimaArnnudfgresmroenas InsAanudAyvesidudadiulaonsaiuiiuau
ﬂ%@ﬁﬁﬂﬁﬂﬁ‘uﬂﬁﬂgﬂuLaﬂmﬁﬁu Lwimmé’]ﬁ’zygﬂamﬁmmﬂmm?{mmﬁﬂﬁ'ﬂumjmLaﬂms

[y

z - . 2
Manue Inedlanslunisruiudsil

. Y nij
1A TF (Term Frequency) lamnauns tf; = ———
T Tengj
1A IDF (Inverse Document Frequency) laanaums idf;j =

log __ b
l{d; : tj € d;}

Wi TF-IDF loanawns Efidf;; = tf;; x idf;
Wie TF AeduuassAmiuusngegluenarsiaula lngainans
n;; Fodumsusnguesimiluenansi d;

Yk Ny ABIIUNTUTINURINA lWeNa1sH d]-

IDF Aon1sinA1Aaud1AeUe9an tisauminulunalsonas FIA1UIUm

lpannsiiduiuenalsiaraualunguenals 1msaednnwenalsinumiaula

|D| ADINNULBNANTINUALUNGULONENS

|{dj: tj € d]-}| ﬁaﬁﬁmmaﬂawaﬁﬁﬂﬁﬁﬁuﬂiﬂﬂg

A TF-IDF adlAngaiion Term Frequency d@as kag Document

Frequency $A1sin
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2.3 UIBNNYITD
2.3.1 szuunuzUl (Recommendation System)

Yadav uavany [8] loausszuuiugtiuulauia ldteyalusinagliuay
lslndudnsdoet lounseazidonvesndndue lnadoya Tags Feature vgnainelulag
o alud@laeuld' 25 Text TF-IDF (term frequency-inverse document frequency) V9

L2 dy < a 2 6 14 Y L2 YVaa
24AUTENBUDINITNTBINUT N WANNERA 9Tt AUTUsInaN i laeld3Tnns

AaneAdInuYadlalyl Gn15tYAue g1 NsnaneluNITNIBINISYINIUI AU FTN1INTDINT

[
=1

dosiignlisuiuiaiiuauuiug1vesssuumsiugdinannlsenaui 2-6 Luifavanves

FEUUABULLI

Ty
3

=
341 |

Product

Rating Tags Feature
COSINE Product with similar
SIMILIRIT feature Value is
recommendations
TagsFeature
Product Product
u

°

dl a L o
E‘U‘Vl 2-6 LWIRANANUDITEUUA UL U

NAYNNNITNAADITIUNNTAUAINLULUTANUARNEARINUAIBSUNEHNANN LS LazN1HIALUS

Ilaglondaanuusiugnaiongi 69.7% uaziie recall 73.63%

Shrivastava uagaady [9] lalauatuanensuuzinaniuilagliuuudiass
N13i3eusUANNARIEARINUYeItaAI1N N1sIdinaTla Bag of Words (BOW) wag Term
Frequency-Inverse Document Frequency (TF-IDF) § S0 % W@aun19a1LTUN15 63

MnUsEnaun 2-7



Data Acquisition through Data Cleaning and Text
Amazon Product A Preprocessiig
Advertising AP (183K

Number of Data Poinis and
19 Features )

| Eliminating Data Poiats where price colar or i
! relatedinformation is NULL H

{ Removenear duplicate items || Stop Word Removal

| Bag of Words Text Veetorization

v

Text Based Product Similarity

Matrixof size Tn * Un
(To=Number of Titles * Un=Number of Unique Wards) created.

TEADF (Term Frequency-luverse Docament
Frequency) based text vectorization

!

Term frequency of 2 word Wj in text Ti can define a5

Where each row  an n-Dimensional veetor for each tile, and W) = Number of times W) Ocours tn Tt
olumn repr unigue words, such 3 matrix can be temmed as Number of Werds in T
Sparse mate since most of the ekments are 26 smee

of a word in the tithe are zero. IDF(W}D)

20

Number of Document in D

~ % Number of Document in D that Contains W}

IDF (W)) increasesif W] is rare in Document corpus D
TE-IDF Vector of word Wj can compute as:

TF = IDFypeter = TFOWL.Ti) « IDF(W).D)

Consider products n-Dimensional Vector and find the Euclidean distance between them with the following formula:

S —

DIP. Py a2 = all + (b2 - ba)?

Find Euclidean similarity of products with quened product and display as output the best-recommended product

‘N' ¥ =2 o a Y 6 ¥
E‘U“Vl 2-7 E‘ULL‘U‘Uﬂlﬁmﬂﬁﬁﬂﬂaﬂﬂusl]@ﬂwamﬂm%G]']NSUE]WJ']%J

o a a o ¢ al ¢ aa o v = vaa
ﬂ']@ﬁ'U']‘EJGUENNﬁWﬂm%VlLLUﬁﬂLﬂunﬂLm@ﬁ n UM LLﬁ%ﬁ']ll']iﬂ'l@ﬂ?qmﬂaqﬁﬂa\ﬂ@ﬂiﬁﬁ?ﬁ

a (% ¢ al

Euclidean similarity 5813193010835 n ARV0INEAH U9

a [

FUAUAUNARA WD U A

=p

AANLARINUYRINAnN R wUUTaANUAel g AllANTSaS1INmes TN UTEavun Ty

b4

nsAiiunswugiansasiaulenuazuugiisensnaaeadaiuliiugly aunsald
TuneUndintud poutlisesiae flesainuoundindumaiiidmesuievewdninsiagdu

31uUNN Bag of words uag TF-IDF a@31ainmas n- ivesmeduieiudannuiunneng

1%
2 3

AuvaInaniue F991ludnsuusdnGndue ATy Nan1NAaRILagaIUNITIATIEN

o %

B5UNYDYNTMAUILUUTIADINLAUDFINTUNAN AUNAURIAUAAEAFINUYDINAR N UNNU

'
o A

a o  eda &, a o  ea aa
Namﬂm‘?/wlﬁaUﬂ'uJLLagLLﬁﬂ\‘iNaLUUNa@ﬂm%WLLUSUWWﬂWQQ
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2.3.2 32UUIANGNIIENTITAUM

Mathivanan kazame [10] lotauaiwinianislddanesunisiangy K-
Means Tunsdanuiavyndniaeidaeudssrunalng Ivaretuneuiineitesiun1sinngy
Joyanmuiuansfsnmuseneauil 2-8 ludupsuiiugiulumsideniesdesdunisimiies

JoAINY

Data Collection

Data Pre-processing

Data Reduction

Cluster Analysis

t:l' % ! ] v Y a (Y &l a s
E‘U'Vl 2-8 ﬂﬁ%U’JUﬂ’]S"ﬂﬂﬂQNﬂ’MSU‘U@i{I’aNﬁmﬂm‘ﬂ@ﬂ@ﬂmi‘d

‘:1' I3 v v Y] a o ¢ I 1% Y ¢
ﬁ]']ﬂz‘lh/l 2-8 ﬂ']iLﬂUi?Ui'ﬂN‘U@ﬂﬂalﬂi?UiqﬂJcﬂaﬂﬂaNaﬁ]ﬂmGVm']ﬂLQUI%W37UQ7@@u13uLLﬁ@Q

= v v a v a o o N v
FIUaLLBEAVRIAGITRY AT TIUTIN AToyandndngidIuIY 56176 18015 uazilvaya
Features 91UU 1596 518115 Features Aon1sduinuiuAnsiveyluadstaya nasanly
Principal component analysis (PCA) iAvastayaanainde 1234 518015 a9AUsENaUNEN

[y

Juaudnvugdmsunisinnquyndoya mﬂﬁ?umsﬂismawaﬂ’fauﬂamwﬁ%ﬂwﬁzumauﬁﬂmg
Tunsimumaspudeyauisdntazoglugluuuiivimnzay nsandoyaUszneusiens
Aedeyanndnunzuariunounindenandnuaeild Term Frequency-Inverse Document
Frequency (TFIDF) dwsun1sfstoya Feature extraction Tuvauzifienniu agldnsiinsien

aaRUsznoumEan PCA Wievinsidanaand® aantu diudseneundnilidenazgnldilu
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Joyadmsunisiangulaglidanasiiunsinngu K-Means nansvaasuandliiiuindoya

anusadnngulailu 3 nqu tnefidnvasamzuanisduiaanslunmdssnaui 2-9

[T
(1]

L™
A

&

¥ o - -
o (8 [ [

¥ -

T

o5 4
L] = oos B B 08 OB 08 08 BE @4
[l el ) pd

JUT 2-9 sUkUUYRIdAnguemY K=3
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uni 3
A9N15aHUN5IY

o o

nsadulasinisaseiiildunisidowazimuissuuiusinduduuunissuiuiun

dmsudmoudise USEv M TaTan 911n Jellinguszashiiionaniuu 398 Waulasinmg

q

1Y [

seuvwunihduamSeausig ssuureduaieeulad ikn uS¥m unianiian 31 laenis
Aliunsusenauiie 2 Jumewdall 1.nseuiunisesniuulaiauszuueduAeeulal

LAY 2.N52UIUNITOBNLUULATHAIUITEUULUELUN

3.1 NSTUIUNITOBNRUULATWRIUNSLUUVIEAUA1aaUlaLl

L4 (%

N3LUIUNITRBNLUURAETAIUITSEUUVIeduA19aulatd T UssasAduiy (iie
PBNKUL WaIkaEARAITEULIsdUAoaUlatduIEn wnTuldag 91n Jelilandunis
o o dg’

YU
1. SUUANITN
o a v ¢
syyudidadumoaulay
LUUIANITUBYadUA
JEUUIAN1SUoyagnAn
LUUNIIIBUATUEOAY Y

SEUVLNLANDDLADS

N kRN

UK

8. szuuIguLigus1IA@uA
9. FTUUVUSN

10. SEUUALEUA

11, SELUUTITLEU
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3.1.1 AMNIFAUVBITEUY

Sudiu

= a U
LD NEUAN

v

adasau TN

ynNLaN

RS DUNTT
P52 RU

UNSTVINNUY

JUN 3-1 nsguiunsvieuvesssuusdumenulal

= o % ¢ A v P Y
N3UN 3-1 NszuIumMsihnuvesssuuvedumesulatiiogldeudnunds
seuvredumeeulaiiteyinisds@edus MntunoussaniunstssRugldnuazdesi

nsasnzileuiogssuuneduieeulal Wevin1sdseduldissuvasiiutoyaidnd

STUUMNBDID LTINS LA B UTUNNT AT WAL AMIUNITINAIAUAT



25

v

3.1.2 m3dnneideyadunisivavasdaya

1) N1999NLUUTURBULAENITNIUTBITEUU Context Diagram U893sUU
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MNA WA 3-3 LU Data Flow Diagram Level 1 LaAauaduUN1ITVINIUVY
STUUVI00ULAY USeNaume 11 SEUU LA STUUANNTN Seuudsdnduniaaulall ssuu
F152L9U izwé’@mﬁa%aﬁuﬁﬂ szw%’mmi%’ayjaqﬂﬁw STUVYNLANDOLADS S¥UUAUBS

SEUUSBUTBUTIAAUA SEUUVUAY SEUUALALM Lavsyuumssenuauyenuiy

3.2 NITUIUNTITODNUUULAZWAIUI TZUULULUN

fumeuniseanuuuiasia ssuuLurihUsEnaude 2 duneu Tduidunouns
a¥1suvuluimavesdeya (Data model) Fsazlidayalusinanansiast (Product Profile) Tu
Msdanguaudmuuiun uazdoyanginssunmsadnveslitaianldidennduaudndale
ndaniutuneusionfenisadrdlunadoya (Fittering model) Faazlddayaluslualy
(User Profile) Tagauseiinisuugin (item Profile) uazdoyanisidenngudun (Context
Profile) Aildanlunavestoya othuadaamindlusunou Count Matrix aanduriandi
Ialumenaudvesilngld8ane3fiu term frequency-inverse document frequency (TF-
IDF) wa£1435 Cosine similarity tievAAaAd BAEIa nAY TF-IDF uaztunouaareie
Fndususensidamuadendsgegaiioltlunisuusii %’umumsﬁwLﬁumiLLamﬁagUﬁ
3-4

User Profile Data rmodel
Click histary 1 Context-based Model Product Profile
User Profile Filtering rmodel
Context
Purchase history S coslne Top N Recommender
— —
1 User similarity smiarity | [ eroduce [ ] T

Click history ftem

Count Matrlx

a a ¥ o a
E‘U‘VI 3-4 HUIAAVBITSUURLUSUIRINUITUN
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3.2.1 msafslunavasdoya

Product profile

Data Pre- Feature extraction Clustering
Product Product e — —
g . processing using TF-IDF (K-mean)
Description Categories
Learning
Test set | model
Product profile
Data Pre- Feature extraction Clustering Product
Product Product — | — I I
- B processing using TF-IDF (K-mean) Group
Description Categories

JUT 3-5 uufanisasnslinavedeya

M mdsznoud 35 Jumeunisadisluinavestoyalddeyalusing
nAnAauel (Product Profile) laun fesuisuasUszinnvendnsaeifauisathulddu
foyauiunvewmanfasidmiulilunsdangy fumeududuainnisuszainanatoyadimt
(Data Pre-processing) lagltinalulaguszunananiw1sssusim NLP 39 Natural Language
Processing lunu3delaly PyThaiNLP fialaus1s Python dwsunuiiunisussananadays

Mg IAENTEUIUNITWARIRIUN 3-6

¥ ar e = =
'<p>~::span><strong>ﬂ'mlﬂﬂwi§m urun 2.5 [and’, 'un’, 'win', 'Jquun‘, Flansy’,
L]

/>\naaagnwin dumndilddmiuns

filansu was 18</strong><br />\\n<br A, 'un’, "win', wan', 'faasng,
|:> "ARUATAEGIAEN’, ‘WA, WEn,

fioafrenouniniaBumin Tnslddmsuunuiin Tasedsnd, ‘Aaunin’, 'a2a, "du, "win'
Masululassadanaunia </span><br/>' 'vaan']
Product Profile Data Pre-Processing

JUT 3-6 NT8UIUNTUTELIARATRLAR 19T
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niuthdeyaninnszuiunisUszutanatouaa9miii (Data Pre-processing) 11a§1s
AENwE (Feature Extraction) uavtdenAneanwalaeldisnis Term Frequency-Inverse
Document Frequency (TFIDF) Faagmelagldaunisi (3-1) dmsun1shsloyanuanyuy
nszUILNTUARIagUT 3-7 9 ndudeyannidnun (Feature Extraction) axgnlddmiuns

dnnauduaiagldisn1sdanguuu K-Means

£ W ias w,
['a2a’, "un’, 'mﬁn', "waln', "flansa,
v . . 0 1 1 0.6 0.9 0
aIf’, 'Wn’, wan’, wan’, 'nosin,
e ey 1 0 0O 1 0.5 1
ADUNIALETUMAN', 'WN', Wan', -
oo =y [} ' 2 1 1 0 0 D
Taseaine’, 'aaunia, 'a1a’, au,
|L“§n|, llna,]l] 3 O 1 0.4 0 1
Data Pre-Processing Feature Extraction

JUT 3-7 n3sUIuUNsasenuanuae (Feature Extraction)

TFIDF,, = FREQ,q(1 +log( (3-1)

N))
DFREQ,

e FREQ; g = 97uue t lunana d
’ Y
N = 9wIuduiiavun

DFREQ = 3nnudumiiiiFnii t Ysinguu
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3.2.2 m3aslunanisnsasdoya

1) Count Matrix
A32UIUANT Count Matrix ) udumeuwsnlun1siusiuiudmnse
Keyword wesdioya 3 s1en1sfie doyalusinddld (User Profile) Tdun deyauseiRnisde
warUsgdanisadn Teyauseifnisuugidrduan (tem Profile) wagdeyanisidenngy
(Context Profile) annuuudaestoya 3 da Fef08 193U IwINAIvMIe Keyword wan

Ke9n3199) 3-1, 3-2 WAy 3-3

M195747 3-1 §10819989 COUNT MATRIX vosvayalusvasly

User Tovh | awau | des | A8 | dids
Product A 2 0 0 3 2
Product B 1 0 0 2 2
Product C 0 0 0 0 0
Product D 0 0 0 0 0

AN3197 3-2 FeENaYBs COUNT MATRIX waadoyalusliwdsionis

ltem Tovh | auaw | des | s | s
Product A 1 0 0 0 2
Product B 0 0 0 0 0
Product C 1 0 0 0 2
Product D 0 0 0 0 0
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M151991 3-3 FBE9vas COUNT MATRIX vastoyaluslndauIun

Context Tovh | awau | es | 8 | i
Product 1 3 0 0 3 2
Product 2 2 0 0 2 2
Product 3 2 0 0 0 2
Product 4 0 0 0 0 0

2) NMSUIAANURYRIALAETEAS Term Frequency Inverse Document

Frequency (TF-IDF)

N1sAINMIAIAUR Y817 UTIng (TF-IDF) 9144 oy aa1n
nSEUIUNTS Count Matrix waglaaunisi (3-1) Tunisaiuies G9lum1s1ei 3-4, 3-5 uay

3-6 WANIAIPEN9VBIAIANNDVRIANAE TS TF-IDF

M1599 3-4 F19E19Uee TF-IDF vasdayalusingyly

User T U ‘Ao s | dide
Product A 0.38 0 0 0.56 0.38
Product B 0.26 0 0 0.52 0.52
Product C 0 0 0 0 0
Product D 0 0 0 0 0
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#3199 3-5 FI0819vee TF-IDF vesdeyalusindsionis

ltem Tovh | auow | des | B | fide
Product A 0.43 0 0 0 0.87
Product B 0 0 0 0 0
Product C 0.43 0 0 0 0.87
Product D 0 0 0 0 0

15799 3-6 A19E19URe TF-IDF vesdayalusinduiun

Context Tanh | auu ‘Ao s | dide
Product 1 0.42 0 0 0.49 0.28
Product 2 0.27 0 0 0.43 0.37
Product 3 0.56 0 0 0 0.56
Product 4 0 0 0 0 0

3) NMsAIANUAAIEAAsLAETIAS Cosine similarity
AsmAIAILAd1eaalagldas Cosine similarity 1udunoutite
inuaANNAAIEAFaiuTEnItoyadufanlusinguiun (Context Profile) uastoya
duAnnlusinagly (User Profile) wagluslwdsianis (item Profile) n1sAwIssmen

ANUAAeAaIaLldaunish (3-2) TunisAnuin

AB . Z?=1AiBi
AllllB
1AM s, a2 [, 52

similarity = cos(0) = (3-2)
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A1ANUIIANNARIEATIRZANTUNT 2 ASlasldAY TF-IDF asausn A lWunmasuss

TF-IDF voslUsId1Y uay B 1Junnmesves TF-IDF vesluslnduium 91ndu lunssi

a0d A Wunnwesuss TF-IDF vadlusingsienis way B iuinmesued TF-IDF va9lUs

Trldusun @alunns1ei 3-7 uanaiieeavastoyariAuAaeAGantnaINNISAILIN

M50 3-7 Feg9veITaYARIANAG YRR

User [tem
Product Product | Product | Product | Product | Product | Product | Product
Context
A B C D A B C D
Product 1 0.99 0.93 0 0 0.62 0 0.62 0
Product 2 0.99 099 0 0 0.72 0 0.72 0
Product 3 0.69 0.71 0 0 0.95 0 0.95 0
Product 4 0 0 0 0 0 0 0 0
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mwaum dodud sim Juou s1msou avaanneEns

U .(1/402) Zinsano
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avasaudn / Create Your Account
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ndaviiatn/gunsaifadsio > indaviadeluin > a31u Showing all 41 results | SgomuAnuboy  ~
Al =1 Wanata
"~ Py ==
L @
51 6208 — 18,2008
gko
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O svaudiawn
Fozslu @
waaufiog
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sKkanUav

talan o

JUT 4-13 nimgniduavesszuy

MY ACCOUNT
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Foldnsafiogswa Swa
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O $duls

neudiskarulula?

o

PN Y v =
E‘U‘V] 4-14 VU']L‘U']Qig‘U'ULLa%aQWSLUﬁJu‘UB\ﬁS‘U‘U

4.2 NAaN1FITPUATNAUI TTUURURINAUA LUUM STUSUSUNd MU RaULE S

lAsen1s3dgsruuiuznduAluuNIsTusuSUnd msudaeulsauTen winniiag

° ayal I~ s A a o o a Y = a o a o &
100 UN 2 NQWQUigﬁQﬂLW@Q YLLAZWARIUITZUULLUSUTIFUAT YIUNTZUIUNTITANLUUNTITOIU

v v a ¥
4.2.1 RaNTIIANUYBUANEANITIUVDIANA

MIvBNLUULaTHANTTULIANUToANGANTTHYRIgNA1 HAIWIALTIuNNS

WeulAaui 8v11N13AIANT83ANGANTTUVDIRNAIIN Plugin M YIIN1SAAR SUUTLUY

Wordpress 9839U3 9% laua Plugin WooCommerce way Recontly Viewed product YITH
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ntuhteyafilaiiugs Database iafiazindoyaluldiussuunugindudfnmuivy

LanaiIeeaayalunnTIan 4-1 wag 4-2

A5 4-1 Youauseifn1ste

order_item_id|order_id| customer_id | product_id date created product_qty
492 35983 159 35239 2022-08-03 19:24:50 1
493 35983 159 16828 2022-08-03 19:24:50 1
494 35983 159 35248 2022-08-03 19:24:50 1
496 35984 159 23448 2022-08-03 19:28:35 1
a97 35984 159 23453 2022-08-03 19:28:35 1
499 36270 163 24467 2022-08-18 12:05:05 1
502 38369 159 18413 2022-12-09 16:20:55 1
504 38657 206 35257 2023-01-03 22:02:18 1
506 39099 220 18123 2023-01-29 23:38:18 1
509 39234 224 32695 2023-02-05 17:53:44 1
509 39234 224 32702 2023-02-05 17:53:44 1
p1571991 4-2 FeyaUseIRin1smandud
cilck_item_id | customer_id product_id time_stamp
194 159 16922|16921]16923|23840|30778|30777| | 2023-02-23 12:50:23
18129|18021|18017|18016
195 125 18112|18113]18114|18119|18110|18130| | 2023-02-15 15:23:07
30778|30777|18110[18110
196 143 |20679|30034|20681|20585|32989|29119 | 2022-12-21 15:55:54
33001]32999|18021|18017
199 163 24467|24467|24467|24467|24467|24467] | 2022-08-18 12:11:45
24467|24467|24467|24467
200 170 16809|16809|16809|16809|16809|16809| |2022-09-11 9:57:13
16809|16809|16809|16809
201 174 24537|24537|24537|24537|24537 2022-09-30 12:10:35
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202 179 |123572|23457|23572|23457|23572|23457 | 2022-10-05 11:53:11
|123572|23457|23572|23457|23572

203 182 17069|17069|17069|17069|17069|17069| | 2022-10-15 14:08:39
17069|17069|17069|17069

204 183 23988|23988|23988]23988|23988|23988| | 2022-10-17 21:39:36
23988|23988|23988|23988
205 224 32702|32695 2023-02-06 12:03:25

4.2.2 luwnadoya (data model)
n1937Buaz WL lunatoya Data model @13 ussuuluzdUAT oLy
JoyadumIuIu 4000 T893 Usenaume Bedunn s1easidendun LasUssnndua f

LAAIFIDEIIIUAIT N 4-3

M15797 4-3 fegetayadumdmiuideuasimunlumateya Data model

SKU Name Description Categories

GSEL060002001 [@3nuniuidn aanm1 | <h2><strong>aiaxniian anen Wmtn 2.3 |wén > an >

wwiin 2.3 Alandu |Alansu wes 18</strong></h2> AIARNLMAN
3 < % @ a9 voe o 'y
wes 18 \naagnvan iWuwmdnilddmiunisnease

aounimLaduiman nglddmsuynimniiiesy
Tulassasrampun3ndnnie i
\nifuandudngiisaeBawmantviornss Wle
nampounaa Teimin wagldusamui
Foens wiediduialy
\naangnmantdynimanuasnluien vty
wdnLEsuRuABUNIR
\ndnuiinifldfunnnlunisieadenounsa
\@SUwan

\ntminaniiauInaulseaias 0.1-0.2

GRFL120102002 [auiuiuauson  |<p style="text-align: justify;"><span Tanneasne >

Stay Cool - style="font-size: 16px;"><strong>auiuiy  |[auiu / Q‘Uﬂiiﬁ

v
o

Premium W10 3 |A1u5eu Stay Cool - Premium wu1e 3 47 |fessluagiils
1 951179 SCG n31919</strong></span></p> > AUITUAIIY

\n<p style="text-align: justify;"><span Souuuih




a3

style="font-size: 16px;"> aulufuANToU
19a%3 Ju STAY COOL nanNlew
ponLUUINE MR USHavitetine 1y
MuvuaUSBUkazLUY 7-u1f letoaify
Audauiiumlomdsnn AU nauang
aeludu
\N-ANFUNIUAINTDUTIUYDITEUUNEIAT FU
6 i1 =Rt 380, 3u 3 %1 = Rt 27.0
\n-fiuseuiumgunuegiideuesdiasuuse
\n- LileRuudemunasiaserian ey

\ne iflpauuriuseududsusuogiiien \n-
doauiuden I¥sunsusesnnngy
Aidenmgsuguamuazaulaenfevesian
Usziavidule

\n-uanaNLA3 AR 100% wazsNaneIe
nsrUIUMITidwansenusiedndeution
fian

\ne i3 HydroProtecTM fitaganmsguniils
fa 10 wih ldgeduih Bnifsanansafuadu
wliidenuunsuszavsnmldognseu
\ne 918M15tdaueIuIundt 10 Y

\ne Ii5unsmaaeuinduanitlsanal s
URI5 U ASTM E84, BS476 </span></p>

dmiunisdanquauailunisasne Data model a5 Elbow method Tun1511A1 K 989
FuIUNq UAUA1G 935015 Elbow method 1T wis ¥ lddmsun1sindaidanana (Error
measurement) lagAN Distortion Score Ao NATINVOITLYENNNAEDIT¥1I19 Object U

Centroid 4@y Fit time s szazralunsiniuudiassmsdangy aziuldding K vasain

AulaeldIsUIAIYINAU 9 way A1 Score HANYINTU 3416.677 FUTUAINANAAINAT

9

AU



a4

3roo

2600

2500

2400

distortion score

2200

200

25

Distortion Score Elbow for KMeans Clustering

a0 75 10.0 12.5 15.0 7.5

——- gbowat k=9 score= 3416677

M1597 4-4 fegremanisdanguaunmeliunateyavengud 1

JUT 4-15 nan1sAuinmian K dmsuasne Data model

SKU

Name

Cluster

GPAL023406002

laaaguan INDY wamanle 4 17 #AB234

GPAL030512002

A mz3iam STANLEY #STHT69800-8

GPAL030529002

Tuidegnaiaudnivan 4 1y PUMPKIN #38190

GPAL030612001

GPAL030815003

Auynan 8 H9 TX-TPO8 TEXAS BULL

GPAL031602001

fild 3 9813 SOLO Faums 8 7 #333

GPAL031604001

AuUNNuvial SOLO $amunuas 6 i #6026

GPAL037402001

o

Audusen ALIBABA 600A

GPBL014901001

ulalsflaiih 3 32 A939 Dongcheng #DMBO3-82

GPBL034908001

nsshnsdmwanlundn 2.5-3.2mm. 620W @239 Dongcheng #DJJ32




M1517 4-5 Mpgranan1sInnguanmmelunatayaveinguil 2
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SKU Name Cluster
GWBL050811004 |a5¢4d ovadan Tawda fudesn 450n3u Auhana 2
GWBL070901004 [uawlA 175 wla n1afuanst Ynasidesialy 20 nn. 2
GWBL070101002 |7ilore n1iduud guesing 20 nn. ung 2
GWBL041208002 [1avuas @a 1nU 10 9u.x3 4. 2
GWBL041208003 [1awuas &a 1nU 30 9a.x3 4. 2
GWBL051105001 |31 maxtack N1am&angy) 280 1a. SIKA 2
GWBL040801014 |9524% BlA Tarduudiudy 20nn.daunaufen 2
GWALO071206002 |n13d@uus vaiuasing Tu amu 20 nn. 2
GWBL040812002 [1awuas i Inesiuy 5 wnuanngliuesyiininiiluda 2
GWBL020804005 | 9534 wlae$ aym unnd douity USuinaoundnwinuie 5 nn. 2

M31971 -6 Freeanansianguaudineluinateyavongud 3

SKU Name Cluster
GCBL028005001 |ynanedntsy Tasiilun A36 unuvevmdes VEGARR 3
GCBL028005002 | ynanedntsy Tasidlen A37 anelasiien VEGARR 3
GCBL028005005 | ynanedntsy Tasidlen Add anelasies VEGARR 3
GCBL028005007 |ynenedntsy Tasidlon 45 anelasiden VEGARR 3
GCBL028005009 | ynanedntsy Tasiilos Ad6 ununemdos auausmuLad VEGARR 3
GCBL020105006 | ynenedntnsy aunuaayulasiiden A-4900-CH AMERICAN

STANDARD ’
GCBL020105002 ﬁﬂﬂ’lﬂaﬂ"ﬁ’lix aunlagd A-4900-ST AMERICAN STANDARD 3
GCBL020105012 ﬁﬂﬂ’lﬂaﬂ"ﬁ’lix aunulagd A-5604-CH AMERICAN STANDARD 3
GCBL028005003 | ynenedntsy Tasiilus B23S VEGARR 3
GCBL028005004 ﬁﬂﬂ’lﬂaﬂ"ﬁ’lix B23S-W 411 @eianulad VEGARR 3




M15N7 4-7 Megrman1sinnguiummeluinateyavenguil 4
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SKU Name Cluster
GCDL091702048 | fiofutszgmadn ftodundn dnifiadiu 489.94.627 HAFELE 4
GCDL091702047 | fiofutszgmadn ftodundn dnifiadiu 489.94.629 HAFELE 4
GCDL091702038 | floduusegniadi viasnnaduag g1915Ty 489.94.927 HAFELE il
GCDL091702158 | fladuilaunudou dniiasusii 499.65.083 HAFELE a
GCDL091702033 | fleduunudou neuszuuden dniiasu 499.65.092 HAFELE q
GCDL091702014 ﬁaﬁUU']ULg@u W%@Ni%UUSQﬂ VI@QLLWQ?@JWO'] 499.65.100 HAFELE a
GCDL091702161 |floduileunudon fniitasus 499.65.122 HAFELE il
GCDL091702006 |fiofutsznauntuiaa 499.68.011 HAFELE 4
GCDL091702005 |fiofutszgauntuiaa 499.68.012 HAFELE 4
GCDL091702128 |flodudsaunuias JURT 499.68.030 HAFELE 4

151971 4-8 é‘hasj'mmamﬁmdm%uﬁ’]ﬁw‘lmma%’aa&amam&jmﬁ 5

SKU Name Cluster
GHCL131104031 |$838u13 45 aein PVC vietilneg 3 i 5
GHCL131104032 |$838u13 45 aein PVC viatilng 4 i 5
GHCL131104033 |$a38u11 45 aein PVC vietilng 5 i 5
GHCL131104034 |$838u13 45 aein PVC viatilng 6 i 5
GHCL131104035 |$838U13 45 aein PVC viatilng 8 i 5
GHCL131104036 |$839u13 90 8er PVC vievilng 1 1/4 i 5
GHCL131104037 |4839u13 90 8ern PVC vievilng 1 1/2 i 5
GHCL131104038 |4838U13 90 83 PVC vietilne 2 i 5
GHCL131104039 |4839U13 90 83 PVC vistilng 2 1/2 i 5
GHCL131104040 | 4838013 90 83 PVC viatilng 3 i 5




M1517 4-9 Megrman1sInnguiummeluinateyaveinguil 6

a7

SKU Name Cluster
GCEL032706006 | uwausiiaunutfiens KING Platinum iwo$asu 412 CU-PK-1Z-WT 6
GCEL032708003 | fluuausassl KING Platinum twosaau 413 CU-PKHZ-WT 6
GCEL032709003 | fuuuitinasl KING Platinum twasaau ¥13 CU-PK-CZ-WT 6
GCEL032705009 | fuiunifsunug KING Platinum weosaew 18as1 CU-POA-2Z 6
GCEL032708004 | guuiula3y KING wwasaau 18as1 CU-PKHZ-OA 6
GCEL032708005 | otaiuuuauau KING Platinum 217 CU-PKS-WT 6
GCEL032708006 |doaasuuuafs KING Platinum 413 CU-PKSH-WT 6
GCEL032708007 |toata@suuiuou KING Platinum 18aA1 CU-PKS-OA 6
GCEL032708008 |doaasuuuans KING Platinum 18ash CU-PKSH-OA 6
GCEL032702001 U@l KING guosaneindn Lil 912 APSSU-1L2-WT 6

A5197 4-10 é‘hasj'mmamﬁmmjm%uﬁ’]ﬁw‘lmma%a&ammmjuﬁ 7

SKU Name Cluster
GPBL 152903006 | ngnai1u Asunam MEXCO 1/2 x 6 7
GPBL152903007 | aanai1u Asunan MEXCO 3/16 x 4 7
GPBL152903009 | Aonai1u AsuUnIm MEXCO 5/16 x 6 7
GPBL152903010|Aanai1u AsuUnIm MEXCO 5/16 x 8 7
GPBL152903012|Aanai1u Asunan MEXCO 3/8 x 6 7
GPBL152903014|nanai1u Asunan MEXCO 5/8 x 6 7
GPBL152903015|nanai1u Asunan MEXCO 5/8 x 8 7
GPBL 153002002 | ana31u FPB Ju JB 3/64 7
GPBL153002003 | aonai1u FPB §u JB 1/16 7
GPBL 153002005 |aanainu FPB Ju JB 3/32 7




M1517 4-11 fMpgraman1siInnguduimelinateyaveinguil 8

a8

SKU Name Cluster
GWAL010110004 | 50311 uirin TOA $u 4SEASONS SUPER PRIMER 5 unaasy 8
GWAL010110006 |@n1i1 TOA u 4SEASONS T8 5 wnaaou #A8000 dntuyui 8
GWAL010111031 | Asasiluyulvsl TOA Ju Super Matex guUiasisina 5 unaaeu 8
GWAL010163003 | A50siluyusiuntszasd TOA fu HYDRO QUICK lelnsein 15 & 8
GWAL010217004 | #Asesiluusiunussasd JOTUN u Ultra Primer Sanfilnsies

2.5 LNaagu °
GWAL010218003 | A50situulsl JOTUN $u Essence Easy Primer toaidiu 331w

Wes 5 unaaau °
GWAL010339003 |@ndnaiu Beger 5u Cool All Plus Interior Aagaanda 1

LNAABY #3599 Aatuywd °
GWAL010339004 |@niinau Beger 3u Cool All Plus Interior aageanaa 5

unaaou #3599 AaTuyva °
GWAL010340002 | A5asiuulvsl Beger Ju Cool All Plus gasoawnda 5 wnaaou

#6000 #v17 °
GWAL010343002 | Asasituyulval Beger ju unlulus 5 unaaeu #E-9400 8

3197 4-12 fegranansdnnguauiimelinadeyavoengud 9

SKU Name Cluster
GEBLO11100026 [waonlyl Jull E27 11W 1e5slavi PHILIPS 9
GEBL011100036 [viaaalyl nesuila E27 15W adlasi PHILIPS 9
GEBL011100067 [v1@@alwl TLD Super 18W/865 PHILIPS 9
GEBL011100112 [vi@@all BULB 6.5W 7a3ulavi PHILIPS 9
GEBLO11100115 | vaenluiloau dade1 36W wnglavi PHILIPS 9
GEBL013401001 [vi@@alw LED T8 ECO 22W wadlavi 527249,569720 EVE 9
GEBL013401003 [viaanuszudal 1nsgiu 3U 18W E27 indla #500372 EVE 9
GEBL013401010 |waealul LED T8 TROY 428g 9W wglavi 570795 EVE 9
GEBL013401019 [viaaalyl LED 8la UsUea 3W E27 (i) vesulavi 526785 EVE 9
GEBL013401021 [vi@@alw LED TD 13W E27 105ulavi 573345 EVE 9
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1750

1500

1250

1000

Product

T30
500
250

1]

2 3 4 5 6 7

Cluster
JUN 4-16 namuanadiuaudumiuidaznguainiunateya (Data model)

1n3UT 4-18 nsluanssududluuiazngulagldlunadeya (Data
model) lunsdangududdiua 4,000 19113 uuseanidu 9 ngu leud naud 1 $1uau
381 519015, mjmﬁ 2 973U 1853 519015, ﬂa:mﬁ 3 91U 324 518019, ﬂﬁjuﬁ 4 91U 222
318019, ﬂq':uﬁ 5 91U 217 18079, ﬂa;m‘ﬁ 6 TI1UIU 425 51809, mﬂ;mﬁ 7 97UIU 163

F98N13, NN 8 71U 259 518NT, waENqUN 9 T 156 $18N73.

4.2.3 Tuman13nses (filtering model)

nszuIunsyuvelunan1insedglideyalusindlly (User Profile),
Tauadnlunataya (Context Profile) wazdoyauseifnisuugdn (item Profile) Litean
A1INMIAT Count Matrix kag TF-IDF 9ntuiilumaiauna1ondavesdualutduney

Cosine similarity Aouniagasluds Top N Similarity lWelseesign1saumnagiugin

M15099 4-13 Faya User Profile Useiinnsdesiieg i 1

order_id | customer_id product_id date_created

39234 224 32695 2023-02-05 17:53:44

39234 224 32702 2023-02-05 17:53:44




M159 4-14 Foya User Profile UseiAnsadndusdiag1ai 1

50

customer _id product_id time_stamp
224 32702|32695 2023-02-06 12:03:25
M1317 4-15 wan1siiennguanlunateyavesylimiegei 1
product_id SKU product_id Cluster
32702 | GCBLO65009031 |GB-6327/50 51iduifudu 25 1al. w11 50 9. Watson 2
32695 | GCBLO65009020 |GB-6327-2B L/R s1duifudu fauea Watson 2
32700 | GCBL065009028 |HR-6500-T s1amgsfiuas 25MM JUs? T Watson 2
32691 GCBL065009011 |GB-4327-2/50 517dufud 50CM Watson 2
32690 | GCBLO65009010 |GB-3327-2/60 573dUffudu 60CM Watson 2

AT 4-15 Hansidennguntunateyalrlangui 2 Yeya Context

Profile aglddeyadumainngud 2 unldlulunanisnsestoya (filtering model)

el' ° ] v = Yo A = v °
#1919 4-16 Naﬂ"Iiﬂ']u’)m‘ﬁ']ﬂ']ﬂ?qmﬂaqﬂﬂaﬂmaqmﬁﬁmjaﬂqﬂw 1 LiEN"U’]ﬂﬂJ']ﬂVLUu@EJ VI1UIU

10 919013

No SKU product_id Similarity
1 GCBL065009031 |GB-6327/50 51dufiudu 25 ual. w1 50 @y, Watson 1.00
2 GCBL065009020 |GB-6327-2B L/R smdufiudu fuea Watson 1.00
3 GCBL065009028 |HR-6500-T s1awgiiuay 25MM JUsia T Watson 1.00
4 GCBL065009011 |GB-4327-2/50 smduffuAu 50CM Watson 1.00
5 GCBL065009010 |GB-3327-2/60 5133uffuAu 60CM Watson 1.00
6 GCBL065009006 |GB-3327/60 51duiiudu 60CM Watson 1.00
7 GCBL065009019  |GB-6327-2/60 5133uffuAu 60CM Watson 1.00
8 GCBL065009012 |GB-4327-2/60 5133uffuAu 60CM Watson 1.00
9 GCBL065009008 |GB-3327-2/35 s1aauffudu 35CM Watson 0.99
10 GCBL065009021 |HR-1101/30 51&ufiudu 30CM #473 Watson 0.98
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B Fumuu:th &HKsuniu
N :

ws B w | w B ws B w B w

P e
dudtiuaua? duAninana?

GB-6327/50 s1xduriudu 25 GB-6327-2B L/R snduriudu HR-6500-T s1owgvrudy GB-4327-2/50 sviufiudu GB-3327-2/60 s13dufiudu GB-3327/60 s1dududu
uu. una 50 gu. Watson upa Watson 25MM Ud T Watson 50CM Watson 60CM Watson 60CM Watson
8600.00 £1,650.00 81,115.00 81,399.00 8935.00 8785.00

wguiiay wWsguifigy USTEN] wWsguigy wsuiioy w3guiiigy
)
(~)

JUN 4-17 HansiuginduAndmedned 1 Bewinunniiey 31uu 10 598013

4.2.4 HAANSNITWAILITSUULULUNEUAT

¢ &

NNDRNUUUNTUAANINATBITE U UL UUSE UL waUADaUlallly 3 wuu

a I

& aa Y ! . % . Y M iy E a
AanstifgnAlil Login 1Msvuu wag Login winuslifideyansievisenisaingdudissuy
o a v a Ao a [ aa 9 . %] o a v
zuuzAUMTIVIEAfagUR 4-18 udlunsdifignA Login 19158 UU svuvasiuginduAInIg
Usunlaglideyalusiiadsly (User Profile) doyaanluinatosa (Context Profile) uaztaya

578075 (Item Profile) Fovilvidumniugtiuadeadaiuiuduigldnetonsenindue

[ Wanata

.

iu-@&

mem W ounsani ..Em 'lau ./ Ba—-nz=|tg

audufiuANUSIU Stay Ts3u gouzaas dusagy 200K was 14 tkdn 8 Juthaaluda usedunvd tadandglunkdunay 1doguidau 7 G WANATA
Cool - Premium vua 3 20 n.A. Kg wagundu (60MAIdU) MITSUBISHI su EP-205R 1kdav PVC niathine 2 i SuWT-5800

i s

325000 301.008 199.008 425.008 6,854.008 275.008 1,150.008

@uunﬁuu wigumngu wW3gumngu wWsguingy wisuingy (UG o

U7 | 4-18 nansasesTUULLzThwuY 3 TR dwisuandilyl Login

Y



52

Yt awousont (WO

P swomsaal (b

[

— oxe .
e v Rl - e awounsou s BLE ¢ i
auijalwdadnasiadaulu fiiaRAdauenolu yaudonaoe 4x4 i 4 dav yaudonaoe 4x4 0 4 dav Fwudinsii sialikad Yudwuddusagd Gwud
Tas 8 {1 58503 YAMADA Tas(uauwwd) 10 0 wSauidsuludasd ua wSausuludnsnd ua dwsuvrumTU asad su 1 daULBLUUUOAKER DS:Il
#10502 su s
@005 38.008 99.008 99.008 185.008 1,165.008

ulSennan plSonen) ulSennian ulSennpan wlSennpon ulSenpon

a o

JUT 4-19 nanisaseszuuswugiiuu 3 R dwiugnan Login

Y

4.2.5 wamsusziliussuuuuzindudn
nsUszliusgansnmdniussuuiugihaumauiunisinensidsuiiey
sgrhanmsadauuusiaestoya 2 Sfuay 3 3 Tnefinsussidunadll

1) aiumageuiuauaIIIuIL 300 518013

2) HUssudag 20 Ay tauA W T wasninuNsnaInesusen
nimniYag rin vhnsednidendudiauladnou 5 s18ms N
FEUUALMURINAUMIINIY 10 518013

3) fussiudiuu 20 au lriesuuududissuuuusi Tnefisyfuazuu
Ao 1 (liid) fa 10 (7)

4) miﬂiztﬁuwaﬁm%’umia%’wLLU‘U?SWaaﬁau“a%ﬁ%ﬁumiﬂszLﬁuﬂgq 2

URkay 3 16

Comparison between 2D and 3D (R5)
120
-
w 20
8 — 20
v &0
- .
Jl:]- - — 30
'_ ¥
-
123 45678 %10111213141516171821220
Mumber of appraisers

JUN 4-20 nsilSeuiiguseninamsainauuuinaesteya 2 Tduay 3 16
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SUN 4-27 wandn1stUTeuUgUTENINNISASILUUIa0I9aYa 2 Tfkay 3 15 lnunanzwhiy

Y U

n1saskuuTIaesleya 3 4@ As 97.8 Azuuu F95ind1 2 IR Felanzuuuag 80.5 Azl

AzWUUAAnRD 60.00 AxLUWEYMIU 2 TF uavgagame 100.00 dmsu 3 &R

4.2.6 UayaganuIuFuA

dmiuteyagenriedusuussuuriedusiesulal Jeszuuladnislalv

'
Y Ada v

anAlaldaunaufiagindeszuuwugiduanifouasinudu lag neun1sinnessuull
ganu1eduAliiiy 10 $18n15Ae5UN 4-21 uastilelavinisinasseuunugthduauavinla
vanveduiiindulu 28 s19n3 warlsienisiignAnauundedufg1dn 1 51113 Aegy

i a-22

_ #31163 umswssau daiu - °c m Gl L Expiess
O 21163 Sep 24, 2021 Completed B799.00 T
2 = 6850376370899
S
#31064 umsawissen 1 - °c m Tl Express
- 21064 Sep 17, 2021 Completed B799.00 o
2Hus [= 66850365900995
e
© m fil
— . R e Best Express
(] #31010 515 ysmda - 31010 Sep 14, 2021 Completed B4,775.00 8 "
— = BEB50361648774
S
o m fl
— e e R _ . e Kerry Express
L] #30607 wiiuv Aavias = 30607 Aug 25, 2021 Completed B518.00 o .
::./
© m fil
— e o E o . e Best Express
(] #30288 daiani vizsia = 30288 Aug 12, 2021 Completed B1.164.00 e
=l 6655034232526+
Co

[ a

JUT 4-21 YayaganvngduanounsanRIssuukigdum

[] Order Invoice Number Date Status Total Actions  Shipment Tracking
_ #41276 yna nda - °|m ‘j« Best Express
] 41276 May 14, 2023 Completed £1,530.00 o
2ina = 66850711706319
]
. #40450 aSausimand ax - o m Best Express
J . Apr 10, 2023 Completed §770.00 o
VIA g 66850695952918
o M
— -, - o srnn ‘E Best Express
(] #40220 dswa dulszaad = Mar 28, 2023 Completed 5689.00 J
E-/
o M
™ - - ‘EI Best Express
(] #39977 aswa dunls=avd Mar 15, 2023 Completed B1,325.00 ey
9
]
__ #39975 Teeraphat - O W ‘fj, Best Express
U 39975 Mar 14, 2023 Completed $5,805.00 T
Traivanathum = 66850688379637

¥

JUT 4-22 ayagenuudunvaInIsinfassuuLusinauan
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unil 5

unagy afuTeNaLazUaLAuaLLEY

5.1 #3UNaN1339Y

Y a o v A a

ATl UNAUD NISHAIUITZUUL UL IR UAILUUNITSUS US UNd S ud mauilse

Y

TnguUansimuieenidu 2 du fe 1) NN588NLULLATHRILISE UL EEUABaUla 2) N9

PoNLUULaENAINTE ULz Inganunsoagunarasuluusdazadiulanall

5.1.1 N152BNKUULATWAILNNSUUYI8RUA1aaUlall

nMsoonuUuLaraLNTzuUeduiooulati3dulaly wordpress Fadu
TUsunassgnddmivainasuimsdansiuled naildainnisiaussansnmnisianu
svuvpAueeulatiuie wuntaiitan Srdadlddidunsesnuu Wanuasins lag
seuvansaldauled laddinnududounsedsenuinldau wazazainlunisldou an

AuEana1nlun1siuves Az uaszuuantynivesseuuneduniseulal

o w

a o LY 6 r-:l'r:l ! ¥/ 4’4’ U oA Y o
VTN IUTIRIUIER 1NA ABY InglanagoussuuN13TeeAUAUAITIUIU 4,000 578119

5.1.2 AN522NLUULAT AU TZUULUZUN

n1TeankUUkaziRuITUURLLIR I Tulaaiun1sIdewasimun Data
model duTuszuunugindua lalddoyadudn lawn Yedun sneazidundun uag

Usziandudi dmsun1sdnnguauni n15a319 Data model 10l935 Elbow method Tuns

[

! ° i a v oA o Aaa a TN
“1A1 K T@QQWUQuﬂQNﬁu@WLW@Iﬂ@ﬂq K ‘V]@V]q@l LLaﬂummﬁ]EJu U'J

[

glold K-means Tun1s
FANguAUA lAENaINNITNAGBINITATIY Data model @115 Context-based HA191UU

1 =) ! U o Aa ¥ o ¥ o a v U ﬂ!
NainNse KAy 9 tazurduai131uIu 4000 3’]EJﬂ'WI‘ViﬁSUUW]LUUﬂ'ﬁ‘U@ﬂQN PILUU

v

a1u190dnnaRAUALN Wazn13ITuwazIU Filtering model lngkaainnisnnassldiznis

< o aa Al

WIHUEUTZUULULLN 2 TR way 3 AANNAILITY NaNbaADSsUUBULEIAUAT 3 U/ @111

o a F%

wugthAuAlansemuusunvedldauuinnda 2 4@ Weainssuviugihdu 2 dfay
wugihdumadendaiuteyartdaumintu tnslimidadausunveadldem uissuunugi
3 TRvzwuziduAnuuIunve ldeu deasdnisidennqulagly Data model 7ild

ALTIUNITIVY UNTUNAT 3 VRITEUULUETN kardumnuztnazudlugini 2
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5.2 U931NAVBINITIY

'
=

n1333eluasell Insiiuswsiudeyaduianiuleddane Tanneasns Feidum

Y -

vmnanynfivsinalivindy silanunsosusiidudlaludiuudtie mndudeyaiia

U

4

WINTUALYI AU ALURNTANIAINTANY KAZATINNUANINABINTVBNEITUINTY

5.3 UDLEAUBLUL

Raglaihaueuuimslunsfiny wasiaunamideuewan neudseendu 2 dw

Loe
he

5.3.1 NM13Uszana lguIe

1) wamsdeieafuszuuLghdufmuUuNMssUTUTUnd USRSy
annsamailfunnmsiussgndlfifoRaunssuuuusiaudlis
AN ALNINETY

2) awnsatumslunsiaunszuululssgndldiudeyadus niondn s

A o | | U 4 ax @ v
DU AIDYINYU KNUNED 'W]IE] LAY LUUAY

5.3.2 NSWAILNIUIETUBUIARN

LY

olen

)

1 WAUBUUIININRIUINUITEUDWIAN LiTasayand1NIWITuATail lngdl
2w
TUazden Aail
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Contextual Data Modeling for Recommender
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Abstract— The recommendation system is one of the most
important supported technologies to e-commerce that aims for
recommending products or services to increase customer’s
satisfaction. In this paper, we propose the method for
Contextual Data Modeling as an improved version of Hybrid
Filtering to introduce the context-awareness in the building and
construction materials business. The recommendation along
with e-commerce system are built, deployed, and tested in the
real situation. The evaluation score is up to 97.8 compared to
baseline.

Keywords—  E-Commerce, Context-

Awareness, K-means, Thai NLP

Recommendation,

1. INTRODUCTION

The businesses have been evolved by using digital
technology platform to support their activities, such as, the
purchase of goods and services via the internet payment,
known as e-commerce. The recommendation system is one
of the most important supported technologies to e-commerce
that aims for recommending products or services to increase
customer’s satisfaction. The system [1] relies on customer
information, such as, their profiles, purchase history, likes,
ratings, comments, etc. It collects and analyzes the
information to obtain a list of suggesting products that meet
the needs of specific customer in a circumstance or context.

Our research is focus on the recommendation system for
the building and construction materials business. The sales
consist of materials, supplies, and tools. Their customers are
both professional builders and ordinary customers. The
system will support customers by recommending products to
meet their needs. The important factors affecting customer’s
satisfaction depend on not only obtaining the needed items,
but also receiving the interesting items with good price and
quality, which will be intentionally proposed for the benefit
of customers by the recommending system. In the studying
business, most existing online system does not have the
specific recommendation method. Usually, the products are
displayed by categories, and can be search by keywords.
Most products are recommended based on that information.
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Three main approaches are currently used for
recommender system. Content-Based Filtering (CBF) [2]
based on keywords and attributes of products that resemble
to user profile for recommending products. Collaborative
Filtering (CF) [3] relies on the preferences of similar users to
recommend products. Hybrid Filtering (HF) [4] combines
both techniques CBF and CF. Some unsolved problems exist,
such as, cold-start problem happening when new product has
not enough interaction information to decision, shilling
attacks when false rating increase, synonymy when an item
have different names with similar meaning, limited content
or over-spec, sparsity when dispersed profile matrix leading
to less accurate, and context-awareness [5].

In this paper, we propose the method of Contextual Data
Modeling as an improved version of HF. The method is
established based on context data modeling to improve the
context-awareness for the building and construction materials
business. The paper is organized as follows: section 2
describes the details of proposed method; section 3 shows
results and discussions; conclusion in section 4.

II. PROPOSAED METHOD

The overall concept of Contextual Data Modeling is
displayed in the Fig.1. In recent concept of recommender
system, at least two dimensions of data are required for
establishing the similarity matrix, such as, the profiles of
users and items. The similarity measurement will determine
the top-N predicted items and defined as recommended items.
Our idea is to add one more dimension, the 3rd dimension for
contextual information, which can be anything that suits the
specific problem, for example, information from mobile
services includes location, entries in the calendar, social
networks, etc. In the building and construction materials
business, recommending products based on only the
product’s profile and user’s profile is far from efficiency.
Customer come with specific problems or needs that require
different kinds of products to be combined as a solution to
meet the need, while ignoring or less considering the
categories, ratings, other users needed, etc.
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Fig. 1. Concept of Contextual Data Modeling

The product’s description contains information about the
possible applicationand characteristic of products that can be
used or applied as contextual information. Products, from
different categories, rating level, etc., can be grouped into the
same class. For example, if customer interest in home paint
color, the desirable recommended products should include
not only other types of colors, but also painted plot, thinner,
etc., where there are in the different categories but same
application.

Our proposed concept, the product’s description as
contextual information must be clustered into classes using
its own similarity measurement reflecting the solving
problem by applying existing unsupervised learning
techniques. The obtained classes as context will be assigned
as the 3™ dimension data of similarity matrix. In our initial
prove of proposed idea, we define the 3™ dimension as
clustered products obtained by K-means clustering technique
using the product’s descriptions. Our method is described
into two main steps: contextual data modeling and filtering
model

A. Contextual Data Modeling

The objective of contextual data modeling is to obtain
the classes from contextual information, which are the
descriptions, and categories of products. Fig.2 describes the
method compose of four steps: data pre-processing, feature
extraction, clustering, and selection.

a) Data Pre-processing: the fundamental techniques of
data pre-processing [6] are applied, such as, punctuation
removal, tokenization for splitting paragraphs or sentences
into words, stemming and lemmatization for reducing words
into its root words. In this step the PyThaiNLP is used.

b) Feature extraction. in this step the Term
Frequency-Inverse Document Frequency (TF-IDF) feature
[7] is extracted from the description of products. TF-IDF is
numerical statistic that express the important of words form
each product’s description. TF-IDF is calculated as:

N
TFIDF;; = FREQ,q(1 +log (5 Oz)) (1)

Where FREQ.; =number of word t in the product d
N = Total number of products
DFREQ; = Number of products where word t appears

| Training set

it
Test sat model

Product profile

Data Fre-
Proguct Procuct -
n processing
Description | | Categories

Fig. 2. Context-based model

Feature ecracton Clustering Prosuct
wsing TF-OF emen) Gop

I

¢) Clustering: in this step, K-Means [9] is used for
clustering products into clusters or classes by considering the
similarity or distance of words using Euclidean distance,
between each product to the centroids of clusters.

d) Cluster Selection: in this step, a cluster is selected by
considering the SKU numbers from click history. Then, all
products in the cluster will be counted as context profile for
the later procedure of filtering model.

B. Filtering Model

In this filtering step, the count matrix is firstly established
from the three types of data: user profile, item profile and
context profile. Secondly, the cosine similarity is applied to
calculate the similarities of count matrix between any products
in context profile with the others listed in the user and item
profiles. Then, the top-N ranking of similarities is provided as
recommended products.

a) Count Matrix: the count matrix is built using tags
(keywords) versus products. The tags are generally defined
from the characteristics of products. The products of user
profile are established from the click and purchase history of
an individual user. The products of item profile are obtained
from previous recommended items. The examples of count
matrix are shown in Table L, II, and III.

TABLE I. THE EXAMPLE OF COUNT MATRIX OF USER PROFILE

User Twvh A ey ) it
Product A 2 0 0 3 2
Product B 1 ] 0 2 2
Product C 0 0 0 0 0
Product D 0 0 0 0 0
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TABLE I. THE EXAMPLE OF COUNT MATRIX OF ITEM PROFILE

Item Tash M \don i s
Product A 1 0 0 0 2
Product B 0 0 0 0 0
Product C 1 0 0 0 2
Product D 0 0 0 0 0

TABLE III. THE EXAMPLE OF COUNT MATRIX OF CONTEXT

PROFILE
Context Tash A iy i) s
Product 1 3 0 0 3 2
Product 2 2 0 0 2 2
Product 3 2 0 0 0 2
Product 4 0 0 0 0 0

b) TF-IDF Extraction: The TF-IDF features are
calculated from count matrix, listed in Tables I, II, and III,
using the formula of Equation 1. The feature values show
how important a tag can be invariant with respect to different
products. The examples of TF-IDF of count matrix are shown
in tables IV, V, and VL

TABLEIV. THE EXAMPLE OF TF-IDF OF USER PROFILE

User Tavh 2 iden ] fifs
Product A 038 0 0 0.56 038
Product B 026 0 0 0.52 0.52
Product C 0 0 0 0 0
ProductD 0 0 0 0 0

TABLE V. THE EXAMPLE OF TF-IDF OF ITEM PROFILE

Item Tavh am iden s s
Product A 043 0 0 0 0.87
Product B 0 0 0 0 0
Product C 043 0 0 0 0.87
Product D 0 0 0 0 0

TABLE VI. THE EXAMPLE OF TF-IDF OF CONTEXT PROFILE

Context Tavh A \en o it
Product 1 042 0 0 0.49 028
Product 2 027 0 0 043 0.37
Product 3 056 0 0 0 0.56
Product 4 0 0 0 0 0

a) Cosine Similarity: in this step the cosine similarity is
applied to determine the similarity between products of
context profile and products from user profile and item
profile. Cosine similarity is calculated as:

AB S, 4B
T 2 2
JEL AT [ZE, B

The cosine similarity calculation is performed twice using the
TF-IDF values. The first time, A is the vector of TF-IDF of
user profile and B is the vector of the TF-IDF of context
profile. Then, in the second time, A is the vector of TF-IDF
of item profile and B is the vector of TF-IDF of context
profile.

(2)

similarity = cos(8) =

TABLE VIL. THE EXAMPLE OF SIMILARITY

User Item

Con Pro Pro Pro Pro Pro Pro Pro Pro

duct | duct | duct | duct | duct | duct | duct | duct
fext A B C D A B C D
Pro
duct 0.99 093 0 0 0.62 0 0.62 0
1
Pro
duct 0.99 099 0 0 0.72 0 0.72 0
2
Pro
duct | 069 | 0.71 0 0 0.95 0 095 0
3
Pro
duct 0 0 0 0 0 0 0 0
4

Table VII shows the examples of similarities of user, item,
and context. Note that the similarity results of product 1,
product 2, and product 3 are similar with product A and
product B of user profile, and with product A and product C
of item profile.

The top-N ranking of similarities are considered as the
recommended products.

III. RESULT

This research is funded by Higher Education for Industry
Consortium (HIFI) program. The proposed e-commerce
platform is developed, evaluated, and deployed during the
two years program by researcher. The recommender system
as backend service of the platform is also developed,
evaluated, deployed for real application, as shown at
wehome.co.th. The parameters of system are calibrated and
evaluvated as follows.

A. Dataset

The dataset using for experiment received from the e-
commerce platform includes 4,000 products of building and
construction materials.
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B. Experiment

a) Optimal value of k-clusters: in k-means clustering,
the number of k cluster is needed to be determined before
performing the analysis. The elbow method is applied to runs
k-means on the dataset for values k from 2 to 20, then for each
value of k computes an average score for all clusters. The
distortion score is computed, the sum of square distances
from each point to its assigned center.

Distortion Score Elbow for KMeans Clustering

-—— clbowat k =9, score = 3416.677

00

00

distortion score

000

Fig. 3. Optimal value of k-clusters

Fig. 3 visualizes the distortion values versus k-cluster, we
found thatk = 9 is an optimal value with a distortion score of
3416.677.

b) K-means Results: Table VIII shows the example of
products and its categories manually defined by sale
department.

TABLE VIII. EXAMPLE OF PRODUCTS AND CATEGORIES

D Product Categories
101 Tavh 3 Ffis wwakeuseu nlaitei

102 ainiliang i pelage/pinaainioatne
103 anuiuaImieu iapreai

104 Fordieu irtsfats/pnaaloaine
105 wansn wdnet I

From table VIII and IX, we can notice that products in the
different categories can be grouped in the same cluster, for

example, Tavh 3 fiiis wwuilfwenven, suauduanuion, misnedn are

in different categories but the same 3-cluster.

¢) Evaluation: the performance evaluation for
recommendation system is executed by the comparison
between two dimensions and three dimensions data
modeling. The evaluation are follows:

® 300 products tested

e 20 users, experts form store, randomly select 5
products, 10 products are recommended for each
selection

® 20 users score the recommended products, 1 (bad)
to 10 (good) scores.

e  blind evaluation for both two dimensions and three
dimensions data modeling

Fig. 4 shows the results that the overall score for three
dimensions, 97.8, is much better than the two dimensions,
80.5, in all cases. The lowest score is 60.00 for two
dimensions, and the highest is 100.00 for three dimensions.
Because of three dimensions has cluster selection in
contextual data modeling before sending data to context
profile, which reduces the recommended data and more
accurate, but two dimensions do not have contextual data
modeling, resulting in many suggested products and less
accurate than three dimensions.

een 2D and 3D (RS

Comparison betv

Table IX shows example of clusters obtained after the data
pre-processing, feature extraction, and clusters using K-
Mean.

TABLE IX. EXAMPLE OF CLUSTERS USING K-MEANS

D Product Clusters
101 Tl 3 fidle uwnffueuey 3
102 Atz 6
103 auiarEion 3
104 damaioy 6
105 nifendin 3

Fig. 4. Comparison between two dimensions and three dunensions data
modeling

IV. CONCLUSION

‘We propose the Contextual Data Modeling as contextual
data modeling in recommender system applied to the building
and construction materials business. The TF-IDF features are
extracted from product’s description and used by K-means to
group relevant products into clusters. In addition to user
profiles and product profiles, the clusters are defined as
contextual information, the third dimension, for calculating
the similarities for recommending products. The e-commerce
platform along with the backend for recommender system are
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built, deployed, and evaluated in the real situation. The
experiments are executed using 4,000 data records from real
situation dataset and evaluated with 20 expert users. The
evaluation score of three dimension is up to 97.8 compared to
two dimensions.
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