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ABSTRACT

Currently, Thai restaurants are popular around the world. There are tons of reviews
related to foods and services in social networking web sites. These customer reviews can
be mostly found on travel information web sites and the great number of them is
difficult to analyze and classify the opinions of customers towards the foods and
services. In business perspectives, the models of opinion mining are utilized for
classifying attitudes of the customers in order to improve their products and services.
Therefore, a main objective of this research is to propose the opinion mining based on
the artificial neural network for classifying the positive and negative reviews, and on the
mRMR feature selection for selecting appropriate sets of keywords for the classification.
Especially, this selection reduces the number of features in the data set. Therefore,
computational times of leaming aleorithms used by neural networks are also reduced.
From the experimental results, they have shown that the mRMR feature selection with
the neural networks is an effective model for classifying Thai restaurant reviews with high

accuracy and time efficiency.

Keywords: Classification, mRMR Feature selection, multilayer perceptron (MLP), Support

Vector Machine (SVM), Radial Basis Function (RBF)



ANANSsUUTZNA

o
€ 1 Aa

wendnudiauiifionazduiagarcludmed mnfildsuarudiewmdounsi Aduas

2 o

v ! o el a2 = Yo v W v
A3 wasanuelaldann asateva ladu diluenasditinu ddldaazannlifudimd
' 2 o e ' = 1
agiun Fdlasveveunseaanlusgieg
YIUVBUNTEAN WA, AT.0UUANT nTunmdiy as. duiingg uslu uazes. sall (fes
AsEna AMNTTINITABUINNTINUS Angaunliduurinasnsuduusauinliinerdnusadull
o a E4
dn5aadld
YoUDUNITAM 819150HaauTIEdvIAe vt Ivseninefinenlusigden veq
& v [ Qs aw & Ayw @ @l
tu leanunsadnenUiusesyssgnaldluaniAdeduilla lagianis wa, as.otunns nisvanndly
M = [ = o o 1 e o
nlsdounguiinsiumiisatoyalvikivimidn
YguaunseAaliag snsnn wavgandenlalvingsla aslinisaduayuludiusieg
v =2 9 & 1 1 =
senigAnwraudiiagaialusaes

dwiuguanumnfuagUsslogidulaiiintuainineinusatull Trwdiveusuliiy

{1 11300 ©19159NN I faepIuRtes Weus Wavilasynau

WS Aaalng



UTIARGDATI NI .o eeeeee e eeses e ee s eeeeessee e se e eeee e eeeeeses e seeeeseeseeeeeseense n
UNARE DOV VTN cevevverrerrr oo eeeeeeeeeeessssssss e sesssssssss s sessessnsens s ¥
AN TTUUTEN I oo es e s e s e e esseseererene e A
BUVTUL covvvorevees s ses s sse sttt 4
BB T TR s e e S A e A G il %
ATTORUTU e g meeecennieoneA N b fopoprspeegrecenercos DI +4s7esnesresssnssssanmnassasssssssssssasnenes g
IAHRT NP o A N S\ /277 . N, 1
1.1 AU A A TLERRUBITIM ..o et cneeeeesrens s 1
1.2 PfUizaigle L ge \ €/ 598\ 23 Z NN e A i 2
1.3 utanmMsdatieliti\ g Y [ AN\ [ gl plilliava™ & RN ...ooecerensari 2
S T T L A e L e A SO O 2
UNTI2 MRS T ITOTUROITON oottt o oo sttt 3
2.1 Ta N WA s D). RN Q... [BAC7 L oS i iciisiississassisisins 3
2.1.1 TARU8 U ST U TN S URTOUANETU oo 5
2.1.2 NTFTEUFWUUUNINTERIBTOUNAU . bttt sensen s emensssssessessessssnssnres 6

2.2 FWNOTALIALABTUUUYTU ... oo vessssseesessssesesssessesserssesesssess s eseesersens 8
BT T TR U Fo L Ntk 1Y Y 11
2.3.1 MFUTEHVRUATIUT I oo ereeesees e esesessoeses s i)



#1508y (19)

232 lanat e aeayIIE Iy BBE oo s e 12

2 as = € e €
2.4 NSARNAMANYULLUUDNBNTIONUD T oo resernsseiscnres s sisirsss s 14
2.4.1. TUABUNITMIAIHFUNUTIENINIAANYETRAIUTIFOUN oo 14
2.4.2 TUABUNIMIANUFUNUTIEVINAUSNYUSUATARTEAINDU ..o 18
S A VA VR VAT s A RS S A 16

ld‘ o ~ =4 L2 1 =l =
unfl 3 nsanunUssianARfamuiue s inelasldlassneUssamiiisy wazn1si@en

AUALTRUUULDUDISUDLONS 1ot br st ntaiiessssseesos b g ssss s ssssssssssensos 17
I R T T TP e S S e Y 18
32 %umaumim‘%au%ga (TEXEPIEPIOCESSING). ... iseveborseeTHaas e rerrsersessbesbereeseesesserssssssssassassenses 19

3,21 FUADUANSEART (TOKENIZAtION) oo oo oo et 19
3.2.2 funaunsau Delete Vygel. 21020 E IR\ QOGORIKD 10 T | RE—— 19
3.3\ itasdadad Ryt BB GREERD 1.7 SN A & L i 20
33,1 FURDUN AT NYAVOIENTI et 20
3.3.2. %umaummﬂm%’mga ...................................................................................................... 20
3.4 NM98enANANYALALEITOURIEBUDNT oot 22
3.5 mssuunUssnnansansiulagldlasenedssamdonuuuine fdunseu vanedu..... 24
3.5.1 ASRNEEULATIVNGUTZEANVIAGL (TFAINING) o rerveeoeeeee oo s eeeseesreeens 24
3.5.2 AMSNAERUUTYANENINUBLATIVBUTEANTUAGN (TESHING) v 25

UTIT B BUANTIIVIMBED cereeeeeeeeeeeeeeeeeeee e s e eees e 27

8.1 FOYOTIFIUNIINAR oo 27
4.1.1 mim%'smﬁauua {Text Preprocessing Methiod) s 27

q



d15Usy (719)

4.1.2 m‘iLL‘Uaﬁau‘Ja (Text Transformation Method) .........ooeeeeevieieveeiese s 27

4.2 MIFENAUNHULIRITAUDTIIAUDNS oo 28
4.3 TASIASILATIVIIUTER WG ..o 31
4.3.1 IAMUAATNITIEILADSIAAULATIUIHUTZAMAYN oo 31

0.4 URDURIIVINRDL oo ses e es ettt 37
L AR T T - ... PR 38
0.6 AT G AEAM I TNNREL.. et hebebe ooy atleomaceresneessees e Foee s eeses s eseses e eesesseseass s 43
UNT 5 ATUUREUOUAUBINLE . s ikt e e 46
CRNGE ' A0 el ) P VA R AR PN () e TS W WP 46
5.2 palamauily. LU \b /NIy e e W/ag/ D020l S0 2 AN e, 47
onafdnEm. N e HLLLEUD oY/ SERRERS W LI 2l o A h.. 48
FRTTTR) o) At o | b MR\ =020 o ) B o |y P Y Y 50
T VT TN W (€ TR =000 NN N 1Y A 61



GUEVATIRERR

A5 4.1 HANISUSEUREUNTITTIUNUSE AN A NLRATIU o vveoeoeoeeeeoeeeeeeeeeeeee e 38

57991 4.2 A TRUE POSITIVE RATE wa A1 TRUE NEGATIVE RATE w89 MLP, RBF laz

VI e it samsemms s s SRR A R AR A SR AR A SRR R 512,
A o s o o ﬂil = °
A15197 4.3 A1NUANANWULLATAEIALY TLABNUT T00F . ooccvvverecrerercerereeseevees e 41
l:‘] o e o o ] o d’ Bl ] 1
A5199 4.3 G1PUAMANWULLATAIEIALY ABNUT 100 A (FB)..ovreereerercrrrcrrevers e 42



GUERIGTRT
vy

SUT 2.1 TATIEFVMDAGUTZEMW ..ot 3
U 2.2 159831908 TU8TATINBUSEAWMTLL ..o 4
gﬂﬁ 2.3 1RSI 18UTE AT BN S FURTOURANITU oo 5
E‘U‘ﬁl 2.4 SUPPORT VECTOR MACHINE .....c.cviiiieiriccieenrecereeerr e 8
zﬁ‘ﬁ Z.5 REDIAL BASIS FUNCTION MEURAL. NETNOBR cusmsasmmsmrmmesmmsrssmmms 11
UR 2.6 NTUSEUIUATIUT M et s ottt 12
SUT 3.1 FUnOUNSFUUNUTENOLBITL oo e 17
SUT 3.2 F208 MPAMBIAUIIIGNEN .. e et oo 18
U 3.3 REGULAR EXPRESSION .5 . s e bt s e 19
U7 3.4 upsAra il e LI\ e ML s AN 20
sUft 3.5 mnavesyadeyadlilunisveass (n) suinvewadeyafinaey (v) wunvesyadoya

/SR N A ORORORO I RTS8 6 s SR | VA QOGONOH NN TGN B S 21
SUT 3.6 $10e 19y et UM SUURSTBAAUD ... oo 22
SUT 3.7 $a8nanid TR anTAEATNT MBMB. ... . oo oot 23
SUT 3.8 CONFUSION MATRIX . 2o 7o et et 25
U 4.1 wugiiilSeudisudenisigndedlunmsdmunssinmamnudafiuainnisiden

AUANBUTUUUMRMRUAL MRF ..o s i hrnesssbhontbonesressssesessesssssessssssssssssssssensens 28

JUT 4.2 unugfiiFeuifisumaugnaedunisdwundssiananudaiunnisidenaudnune
WUU MBRIMR WAE GA oovversrererssesreesssesreessssessessssessesssssesssssssssssssssssesssssesssssesressssssessasinees 29

U7 4.3 wuglifBsufisurnugnaedunissiuundssnnanudediuainmsidenaudnuoue

MUY MRMB IS BINARY GA s ivs e sss s s e sesssvassisins 30
U7 4.4 AeugnfesesnsdeuiusasUssianlagldyadeyaninufniiudediau 1,768
Aasnwe Layldluualutudeuduam 16,8, 4 Uas 2 TMUARMMEIRNU e 32



L% I
d13ueysy (o)
JUT 4.5 AanugndesvesnisiseuiisasUssniagldtoyaninufnmunliainnisiden
Y ] ¢ o €= Ao o P v A
AuANYzLULIEN15ENTYedid U 400 Audnwaie? uarldlnundeyalutudeu
71U 16,8, 4 LAy 2 muanu
U7 4.6 AAnugnAestainsiBeuiusasUssinnlagldteyannufniuldainnisiden
AadnuazLUudNesEneniTedlidiuiu 350 audnwar warldivualududaudnu 16 8,
B UAE 2 WIURARULENNU oveovvesoevcerressssnssesssss s ssssssess s sesssess s 38
U 4.7 enanugneesanisieuiuiasUseanlneldtayaninudadiulaainnisiden
AudnuazuuUBuesBuNSTdidIu 300 gudnuaes werlilnualududoudiuiu 16 8,
RTE O T LR o R N SN\ 7721 Era . N, NSO %8
JUT 4.8 ArmnugnaenesnsiieuusasUseianlaglddaganinudniulaannnisiden
AaAnYaELUULNEIS BN TRl w250 Audhuas uadldluunluduseudiuau 16 8,
f (-0 o L A O B I s “d CAY) RTINS Rt | W 34
U7 4.9 manugnaemansiieuiusasUssanlaslddayaniudaiulsainnisiden
AnENETUUBNDISBND ST eTiduan 200 Adnvalz uasldlvunlududeudiuiu 16 8,
4 4 VTP AU V.. NS, ool e scsssessisssens 34
P 1 v = v 1% a @ vy P
U7 4.10 ApsignaesveinisseniuiasUssnvlaglidayaninufamuldainnisiden
AuANURELUUELE BN 1T liTuau 150 Aadnuae wasldlvunludugeuduiu 16 8,
B UAY 2 WTUARTUIITY cocovverevverrcesenressces s e st s sbonnns s sssenseen 35
= i Y = v v o a | uw =
JUN 4.11 drensgndssvaimaiauiusavyssunvlaeldveyannudailaainnisiden
AUANYAILLUULOLE15B113Te8IT 1Y 100 Audnvay wasldlvunludugeudiuiu 16 8,
TR T N S PO 95
= ' [ - [ gy a d uw =
JUT 4.12 ArmugndesveamsissuiudazUssinvingldteyamnudaiiulannisden
as =3 £ d € oo s & o
RGN YAULLUUB1318110138d1uIu 50 qudnway wagldlvunlududeudiuig 16 8,

B WAL 2 TAURBTHETNU oevoovseeeeeeeesee e s eesessses s et ees s s ses e e eesee s essesesseee e es s ee e s s 36



-%] 1
d13unygu (79)
U1 4.13 Amrugndesussnadauiiuuunsnszedeundu IngldyadoyanuAnuidl

TuuRudnwazAwaniy wazldivualutudeudiuiu 16,8, 4 uag 2 lnuanuaiius?

U7 4.14 wnugilFeuidfisuraugniesesnisduunussavaufaiiiulagds MLP, RBF

O S ST OO —— 43
5UM 4.15 unugfisFeuifisunanlunisBeuives MLP Tuudasyndesa. ..o a4
5UM 4.16 unugiiSeuidisunanluntsi3ouiues RBF TULARSYATOYA. .o 44
SUT 4.17 wsugfiSeuifisunantunsBouiuas SYM TuuAazyadoya. ... 45

=



unii1
UNUI

=1 o o
1.1 anadusuazaaudriAyvealynn

]
= W

Yagtuswemnsivedunifeuvesausialan waggnenfdunldusnisiiuemsaunn
waniAMUARIUAgIAUELAMTaUTNSYasTue s U Uledld vuduladuuginag
vieufegnAfasinliuinsveddaz e sanusadnuwurie M suiousnsUeImnI
v o a ] v oAl [P o vy & & w I oelal ' PP
$uld amnudaiuvegniireanlduinisremad i dudeyaegifvstiglvigiaula
Tudwemstudndulamemnliuinmsemisn inszagldnsudeyaineaiuiueimstug
| oA A gy ' e v A ) P w W a ]
MavSelufvastreluntsanaulaunlausnisyeeswemisiauls - lunnansedudiumnu@aiiu
gasgnAIliuInsve st msaanndlEiuU i uasUEnsve el an
msuannINAniuvegnavuitlefuusinsviewfisarhliiaudaduduswaunnds
HINADNITILATISAAINLARLIAU

o = = & - L Q. @ aal a =y I3 a o
nnsvimilasruAail - (Opinion  Mining) 1Juisnsiigelumiiinsizvinuniv

losnanudaiuiiliusaunnuaslufow nfifesmenufariunnanuniuior
= & ' a 2 & a M | 5 W 1y | v oA
AT [1] wiazanudmiutuiisduuuiiliuiveudutisentn visdssleanldifeaiud
a a =3 a -] 173 o at H (=1 @ 5 a e éuﬂe 1%
LAMIAUANIY UeRnNAnuIundsEnaulUmeionysiliianunanyg  satusuidetiala
Lau@fi%'mw‘hmﬁwﬂ'auﬂam'mﬁmLﬁﬂﬂﬂ’l‘ﬁmqﬂwﬂixmwﬁau (Neural Network) wagnisidan
@ 2 ¢ d ¢ A [ % i & a
AaudnwuzLuubNesie dieldlunisUssnanatemin  deyaiiltlunisnassaduninufn

Wiufgafiviuemnsing . usazaufsiuiuduneuniseiudoyanarnisudaeyaieli

v =l LY ca{ o -
VBHAUATITULNL "ISﬂilﬂ‘U?%‘ﬂ’]'iVl‘dgﬁﬁ:Uﬂ’ﬁﬂ']LLuﬂU'ﬁ%Lﬂ‘Wﬂ'}l'}@JﬂﬂLﬁu



ar 3
1.2 nguszadn
1) ieaunisnsdndenmddyuuusaluiRandeanuluanudadiuiodanladu

ANANYaITYDITRYA

2) iesuunUssiavarudaiuveiuemisivemensiuniiedeyaninufaiiulag

TflaswngUssamineusiniumedansdaionaudnuyas

1.3 92ULIANISIY
1) fmmﬁwuéﬁﬁwmLﬂ%aeﬁaiumiﬁﬂmﬁmmmﬁmﬁummﬁauﬂammﬁmﬁumaq
Luamsing

2) IlAsstneussamenwuumessunsouratadulun1ssunUssianauaaLiiu

a < @ =) € ¢ ol o oA s
3) W]ﬂUﬂﬂTiLﬁaﬂﬂEMﬁﬂ‘lﬂmﬁLL‘U‘UL%JQJEJT?LEJSJ’e]'ﬁLWEIU"Ii‘lJI‘ﬂHﬂ"I‘iFIWLa@ﬂﬂmﬁﬂﬂmz”ﬂﬂﬂ

YAUBLUA

1 hY)

1.4 Uszleuinaninazlasu

1) ansaduunUssiaveudaiuresiiuemisinglisdsgndes

!}d“:‘ll!}

2) dnnsodipssdenudniuresgnAtfifivies1uemsdnuauinlel
3) grusmiluysggnaldiuanuAniursduiUssavdula
=2 a & [ Yoo "\ d o
4) amnsemsruiaenufndiuvegnaineunlduinisindulumeuinuieau
5) anssacduasesileftislunisdedulaidentdusnisitue visle

6) ennsatluussyneldiiteiaugaaInnITIN1Tie Wile LA



unfi 2
= awv o A Y
Wﬂﬂiﬂ]LLﬁSﬂ’]U?ﬂﬁlﬂLﬂﬂ?ﬂ@ﬂ

2.1 lassvneUszamvmiau

TasstheUszamidien (Artificial Neural Network) \fuavwildluaundayoiaziug
(Artificial  Intelligent)  Sudhilumaniendinenanifisrasinsvihiuesaussuyudifiovil
poufiumesiianuannsolumsSoudivileunyedls  Tnswigdszamiionduisnisitouun
uitymnisduunussmdeya (Classification Problems) flansnsaduundeyalsogragnéios
uaefiussavisnm meFeuivedlasstieyszamifionduud seemdu 3 Ussian 16ud madoud
wuuilaey (Supervised Leaming) msiieuiwuuliiifaay (Unsupervised Learning) uazns

IFPUFUUULETILSS (Reinforcement Learning)

_Cell Body

P// Axon

Nucleus

Dendrites Terminal Buttons

5UN 2.1 laseasneaduszay

lassthedszamiiieudsznaulumelnun (Node) Sununieusianu lnefilvusdiass
wnadUsramluaueusiusznaume lawuy (Synapse)  1aulasy (Dendrite) daiwad
(Soma) uazuenyau (Axon) Aaguil 2.1 legluiwadusvamiieyasiiflandunsssiu (Activation
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(Weight value) ffuegynidudon dudeuvedlassreussamisnuuumesifunsounasdu
szdazUsznauluielnuanansy nuaiidendt nustugeu (Hidden node) Tasstreuszam
eunuumefiiunseumeduasimngdmivauitimududounas nuiidesmsmnugndos
g TasstreuszamiiisuuvuimesiunseunatstuiuiinssuiunisSouuvuiifasy
(Supervised Learning) AaN15i38uiuuULNINTZWTOUNGU (Backpropagation) [3] Tmaﬁ%’auﬁa

svgnuuseaniliuassyn fe Yadeyaiinaey (Training Set) uaz yadeyanadeu (Testing Set)




Inegadayanasulsznaudiedeyasiedns uazgdnauiidesnts weldlunisasulasadng

Uszaniiey [3]

= ¥ 1 174 s
2.1.2 AFEIGUIUURWINTEINBEBUNAU

damiunszurumsdeuiuuuuninssanegdoundu (Backpropagation) [4, 5] Usgnaudiy
] 1 1 =) 1 ] ./ v 1 1 2 o
nMsveudesdiuges  Ae  msdwulutivtn  (Forward Pass) Wag  nasaeRugeundu

(Backward Pass) msmumsﬁﬁmw&aam'iL‘%au'}fLLUUthiﬂismaé’auné"uﬁﬁqdalﬂﬁ

AsaseulUg19ntin (Forward Pass)

1 ejuﬁﬁﬁlﬂwﬁfﬂ (Weight) wagerlutiad (bias)
Sutayarnasuangauesloyainasy D = {(x,dp)}l, Tneil x; Ao doyatndn d;
fia wadwdnsoIns

3. AuamAwWadNS (Outout) vewwsaslnuslutugoulneldaunis 2.1

yi = @;j(v;) (2.1)

el @,(v))
- — Xy XiWij
w;j fo anminssdudonanlnun i Wolwun |
4. Fnassedns (Output) Teudasivurluiutoyadeen Tnsldaums 2.2
Vi = @r(vi) (2.2)
Tned v = Z}V:lijjk
nsderugaundu (Backward Pass)

5. @wanA) Error Gradient Tasusiavlvundeyalutudeyadieanlagldaunis 2.3

O = (dx — Yyl — wi) (2.3)
Toed y, Ao Awadwiveduuad k Tu%u%'agadqaaﬂ

6. AUINAT Error Gradient aaawsaslnunluturaulaelyaunis 2.4

& = y}'(l - J’j) Yk Wik (2.4)



I y; Ao Amadnsvedluuail j Tududeu
7. USuamnbhuinvewmniduienlagldaunisi 2.5
Wij = Wij + AWU‘ (2.5)
lael  Aw;; =néy; waz 1 Ao SnN1sien; (Learning Rate)

miﬂ%’umﬁauﬁﬂﬂmﬁﬂ%ﬁmm%’u%gaéwaﬂLLw%é'auﬂé’U“LUwﬁq“ii’mTauuaﬂﬂLﬁz’h

adduneud 2 81 7 qunseilassinedszavifieranunsadwundeyadiegilaegagnies



2.2 FNNDSALIANDTHUBTU

Fwwasanamesiuviu Support Vector Machine (SVM) Wuwmafiandlslumaianig
Soudveuaiesildlunisuidguimsdmundsaandeys Svm  f38n1svhaulagnism

]
¥l

Optimal Hyperplane ﬁmm'zﬂuﬂa%’mga‘lmﬁqﬂma’lﬁﬁiau‘lﬂ [3] flagudt 2.3

r Support Vector
arl - o 5 rt Vector
o
o eI/ o upp
/‘ | ,‘
4 ,/‘ : & p 4
| y ’ \\‘\\ A o .
* P x=e e 8""‘ - ri—u - —
’6 / o«
ﬁ" ¥ & &“ : bt
WKt wi = <1ef | cdl o f
7 s ®
3 :{ ’
; P
wix+w,=0 L wixtw,=1 "
&
¥

§'th7'; 2.4 Support Vector Machine

. 3
=

NUA 24 FBsves SVM - duagriimavmaun siladuiiegasenatssgundtaduuia

27

weflienaun1siBaduilds Optimal Hyperplane lasn1si3suiainyadoyailnasu

x,, d)Y . Taedi X; Aovatayaindou uwaz d; Aeraarneu lngauuRlinanadinauwmy
ir%iJJi=1 2 0 i

e d; = +1dmiupana +1 uar d; = —1 dmiueana -1 fsaunisi 2.6
wix+w,=0 (2.6)
sl w Ao VnwesAniwmin

w, @8 @1 bias



2/
[ =1

NAUNTST 2.6 L5EunTalTeuleeed
wix+w, >1dmiud; = +1
wix+w, < 1dwmiud; = -1 (2.7)

SVM 9g%1n1511 Optimal Hyperplane #ilszggi1avevay (Margin) n3147galaggain
I¥8ENTENIN Support Vector kay Optimal Hyperplane TmeA11unI9veseuIuInlaeIn

a4UN159 2.8

i ee— (2.8)

flwll

Toefl r Ao SepEnTEmIng Support Vector tag Optimal Hyperplane

2
[

\HanmMImIAUNiNENnaRYeIeaNLa (equivalent) fun1svAUIAYEINine TN

tiowan faul SYM 3810157 Optimal Hyperplane lagle Lagrangian Function vesvuinves

o L7 f—‘j i [-¥} i
wnwastmidnniglaeaulavasaunisn 2.7 awaasludunisn 2.9
1
Jow,wo, @) = ~wiw — YL oq[di(w'x; + wp) — 1] (2.9)
Towdt - o An Lagrange Multipliers
MNENNIA 2.9 annsamanhninfienyauiigalagaunim 2.10
w =YX o dix; (2.10)

dmiudeyanliainisauviiuuiaudulaludigiveyadndn SYM  2em1 Optimal

U

Hyperplane Tngld Kernel Function faasinnsil 2.11
Y o dik(x,x) = 0 (2.11)

@150 Kernel Function #feuldiuuinlawn Kernel Function WwuU Radial Basis

Function Asaun1s 2.12
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1
k(x,x;) = exp (—272 I x — x; IIZ) (2.12)
e © R ANMNSEIMESANUAI AT 9]

SVM undgymnismiendmvtnlaen1suien Lagrange Multipliers wunsusuamtiniite
ATt fmanzaudeili SVM vawlasaiss andlaym Over Fitting wag Hyperplane

ety Hyperplane Msinzauigndneme



h|

2.3 singauganandu
siRealudanandu Redial Basis Function Neural Network (RBF) 1Hulasstneuszany
\Wieudld Redial Basis Function Wuflsidunsedu (Activation Functions) TasstingUssamifien

wuu RBF tullealgluntsduunuszinndeya Jelassaineves RBF [5) uansdeguil 2.5

p=1

Radial Basic Functions 4

X1

Xz

Input Layer Hidden Layer Output Layer

gﬂﬁ 2.5 Redial Basis Function Neural Network

o U

NN 2.5 Lassainaved RBF Usenaume Fudeyatindi (Input Layer) dudeyadiean
(Output Layer) wazduilagsyvintudeyaindwaytudeyadieanfedugeou (Hidden Layer)
e . . & s ) v o LY v o w ¥ w |
#il Gaussion Function 1Wuitsndunssqu lagfidudonsenindudeyatidiuastudeyadsan
a9 RBF aghifiimindriveguududenles laswhedszamifisauuu RBF tufluwidaun

nnllgmnisussanaatluglg
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2.3.1 n1sUszuIAT U9
Yaymnsuszanaailutas (Interpolation Problem) tludymnismileanduiianinsa

anduynyadayaladsgun 2.6

A 4
Ea

Xg X Xy X3 e o o Xn

Ui 2.6 nsUszanaAlugIg

5UT 2.6 Lamanisussunanl £ (x) Maniuyateus lnensuszdinuaazyiinisaing

U

wulAsnansaaindueaynatuditeys uagdssihaasauudulaniilaeldfidu £ (x)

2.3.2 TaseungUssamniieutuy RBF

9
s [

lasanglszaIMiatuuy RBF IUunaunisisauina

1. Sugedeyadnaeu D = {(x; d)}L, e X; e deyaduin uas d; Ao wadng

NNBINT

2. AnnAmadnslutudeulneld Gaussian Function fsaunsi 2.13
F)= XN wo(lx— x; 1) (2.13)

el o(r) = exp (— i)

202
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I As  usduuuugedn (Euclidean Norm)

X; Ao qarudnanived RBF

i

ANAUNTTN 2.13 %T.ﬁfl.w%ﬂ«ﬁsnaa%'aaga f1u Gaussion Function flgun1si 2.14

= [p;]NxN (2.14)

v

SenamEndees @ 11 Interpolation matrix Muszneurieaudn ¢;; Wnewnindiazgn

hingaiiunneeiAnimlnienAneuftaun1si 2.15

F P11 P12 ---Pan 7 W rdq]
Po1 P2z - Pan | | W2 d,
N ' =N (2.15)
Lﬂm P2 - Pynd LWy Ld ]
el @ =0l x= % 1), @) =112, ..N (2.16)

3, ﬁmwmﬁwﬁmﬁhmmuﬁasLéiuﬁamwdw%’uszj'aul,t,awﬁ'u%'agaﬁaaa nlagaun1sn

217
ow=d (2.17)
Toeft  d = [dy, do...,dy]T Junnwesvesesy
w=[wy, Wy ..., wy]" Hunnnesadmin
N f9 Tu1nv0iYnvayannaey
4. Fnuwetmiin w feunsi 2.18
w=ad"d (2.18)

Toe ot An Pseudo-inverse UadLuvsng @
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AunANaansvedlasngUsramAsuLuULsRealudaiandule fsaun1si 2.19
F(x) = S wip(lx— x; ) (2.19)

= s 13 § =2 4
2.4 NI13EBNAUANBUSLUULDUDIIRUDT

mMsidenAudnynzuUUBLeuens (MRMR Feature Selection) Liwisnsiidesld
Benqaidnuaiudeyafiinaudnuas  (Features) f1uwaumin (6] Tnedd mRMR  aeiden
Andnuaz e uduiusiuraasneuftguasiaausdoutuszwininadnuns e iy
oy 138071 35 Max-Relevance and Min-Redundancy (mRMR) lmeABnnsvnainudusiug
sewinnudnuazuaanadneu I(f, ¢) uae audnvuziugudnuae 1(f, f;) thuo e

Mutual Information (MI) *Luaumiﬁ' 2.20

I = PEY) :
(x,y) = [ p(x, )log 5w dxdy (2.20)
Toedl  p(xy) Ao Awuiiesdusinues x uay y

p(x) Ao meanasluees x

p(¥) Ao Avmwdwsluves y

=

Tager Ml azifluArivenuSinaeauduseiumesdnulsaosnuys Wuafdeuldiulu

nsidenAainve duneunsiienaud nuurUTENaume 2 TUABURENAIY

2.4.1. TUABHMIMANNTHNUT sTHI N adn B Tiin NG Fouiy

o] é}q I o o w5 1 s [ o
WmsliGenh - Min-Redundancy. Tagvianuduiusseminaaanvaziuaudneae
1(f;, f;) Avasn1sin 2.21

min RES),R = 1555, 7 jes 1 (i f;): (2.21)

3k

edt  I1(f,f;)

® A1 Mutual Information Y84RMANYME f; WaE f;
fi Ao audnwazdl { vesdeya

5 Ao lwRYRIRMAN YL

S| Ao TuuvssnaEnusualy S
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Tutuseuileshnisidenquinuusiidenistuteiunidrdosililinuanvusi

Tyl daufuannun

2.4.2 Tumeumsmanuduiuissnigudnyasuaznaanino

Wnsiliiend1 Max-Relevance logldrn MI fiemanuduiussewinmadnuaie iy

a1

aandrney 1(f;, c) las Max-Relevance agidionanudinuniediiidn M AdAwiniigasaunisy
2.22

max R(S,c),D = % Yresl(fi ). (2.22)
Toedt  I(f, ) Ao #A1 Mutual Information vewauenueals f; LasAaN@AINDU C
|S] fo ﬁwmuﬂuammﬁﬂwmwx@wm’tu 9y
nasdnualziidendunadnuniimuduiusiuaatadiney. (Max-Dependency) Tu

5 :’I) o = a Efd I g i o ol o 13 o s:l' dl s at
mumauuﬁ]wﬂm'a't,aaﬂ@maﬂwmwmwaamwumaﬂumﬂwaﬂwﬂﬁlmﬂmaﬂwmwmmwa<m‘u

1 1

& ' L7 o o

AANEAINBUDANIT UAYIINUIAIAINNANNULSSEMIIAMA NS AUARIEAIREULAZ ALY MDY

q

T0IUAAEAMANENELAT FVIMTTINEesTed AndadudReiwsunia Max-Relevance and

Min-Redundancy (MRMR) lasmssaaaun1s D way R amnmisidenaudnvasdisdiuiienys

i '
= L

YosnmEnunIyvIngauiandsainisi 223
max® (D,R),® =D —R (2.23)

D ) Max-Relevance

=n

Tng
R fg Min-Redundancy

naundunnasnyavesnuanvarTvNELsEwI IR a Ny s AlA L TUS U

wa a1 -

randAmeUgeazilaudideniuniieniiiin Max-Dependency amuaud@iniumsideniay

el o @ o v

T mRMR vz lugavomadnuasfinuddyfianunsadienUszinvuesdeyals

U
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s

2.5 “IUABNNLIVD9

s

2.5.1 Chen uat Zimbra [1] $1738msviunilesmudaiiuaindeyaninudaiiuuy
=3 & 1 2/ a =] =3 =3 (| 1 [ a ¢ & o P ]
Auledidu Jeyarinufaiiuuuvdenivledinietiedinn  wasvinwes 1Judu iievinig
a ¢ a 4 o v 9] [y % vaa X vaa  w
Ansigvanufamuinlvasnsatlannuidnvesldnulafoulegldisundnnisussinansg
AM1555U%R (Natural Language Processing) luussananadaniu visisnisiiouiveaaios

(Machine Learning) liavinn13ussiianatonin

2.5.2 Neethu Way Rajasree [7] diaueidnisimsigimnulesiuvuninmesdadu

[ [ ¢

VAR BLENNIaTNdLasltaTAITAITIMUNLUULUSDE1I9E LasTnnasannes
uiwdy uihnsieseirufnaiy deyauszneumemnuAniiulduinuazanudniiuday

i « a Fa
gnlwaduuniniees

2.5.3 Singh, Piryani kaz Uddin [8] dnausisnisiasisiumiansalnineund lneld
LWUUWHY  SentiWordNet 191590819 UWARLUNADISAl INAISNAADINUINISNsAULa e

AnsedenuAndiuldadisgndes

A o < a 17 a =4
2.5.4 Raut wag Londhe [9] Lauaaﬁlunwsmﬁquaaﬂ'sﬂuﬂmLﬁumﬂsuaagamwmmu
va9glduinslsausulagliiinisitsusvevniosdsenaulumefiduunuuuiudegning I
3 ¢ = Y Yvu a | aal = v i w1
wasannmasuurliy  uarruliiadula aannantsnnassnuinisnisieusveuniaslidini

gnreslumsdikunanuAaiu 87% annssauunyssaveufaiuduinuaziday



Unnm 3

o = (=3 ) 1
N15AUNUSLANAMUAALRUS1UDMS Inalaeldlasedne

Uszanifigy wazn1siaanauauliLuURNesBNeNS

s

U439y

tdnaueiSnisviunilesdeyanufniuieduundssiananudafiuges
e misinelagldlasewisuseamfsunuuinesidunsouvatedu (MLP)  waznisidsn

AuandRLUUIBLe15181815 (MRMR Feature Selection) @edumaunissuunissinnan

ARLLTISVLALARGIIFUT 3.1

: ~Irm_6\
' v

Feature Selection

=] ) o = =
E‘U‘ﬂ 3.1 TUADUNTIUNUTEANAINUAALIAY
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ToyanruAaiiuvesiueimsinedldlunimaassidiinisifiviivsanuiain
www.tripadvisor.com  Fuduiulsduugihnsvieniiedadunfdenvesauinlan sauiuminy
a =4 or 2 1 <4 = & o = ] =
Aniurasimemiingldunannisguiienainudnaiudiuig 1,060 muAadiu Tasiiny
AntiurasgninvasiiuesfiivsausmnuseneumenAaiiudeuin (Positive Reviews)

a & a . . a d 4 & o, o
LagANUARLAUTIEU (Negative Reviews) AnuAnmiuiiiusiusmsnazifuniwndingy sy

mwsanguiunwinansdilduansnnudaiuinniiae

“The good time in DID”

I know DID from the blog of web page long time ago ,but I has no chance to try on ,so I
can't an imagine how we could dinner in the dark? Until our team had the first time on
the last December 2014 on Merry Christmas and Happy New Year celebration at
Sheraton Grand Hotel, sukhumvit rd.,It was the good time to keep my experience we
have got a good mind service from the blind people and 1 also deep understand the
people live in the dark world. I exciting when I got the first menu was served by the
blind people but we could be touch the good mind service from them tile I forgot the test
of the food. The next menu 1 felled the food very delicious.

It is the good time in my memory.

1 suggest you try on Dine in the dark It became the good experience for you.

JUT 3.2 fegmuAnTuDIgNA

= a e
3.1 NSLAINAIUAALAL

nsidenmmAniutasiuemsinefieldlunissnunussnnidunsidenanudndiy
vosgneiidimuidndeiiennsimmaduuanuasiuay Tnefiruaadiudwniuae@en
mAnuTiiazuuunnniviewiaiu ¢ use 5 anlridumudadiudunn was audegiy
\BeavazidenauAndiuiitiazuun 1 vie 2 anduanufndiuday lneaudndiuias

Usstanagynisdadenatniivlasivionun 1,060 mu@auiu

TuusiazauAniuiidenuntdudszneulumedomiuiiuanmiudadiy e Stop
Words  uay é’ﬂ‘t;izﬁlﬂﬁﬁaé’ﬂmﬁﬂmummmasﬂummﬁmﬁu AAUNUNILINNTTIILUN

UssLaneaidaidsisdimatendeyaifielifoyammnzaniuinsildlunisduundsean
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v
s

ANuARLIY lngynauAniusrfssiutuneumMswisudeya wazdunaunisulatayalite

asnyadeoya (Datasets) ierhluldlunsduunyssian

3.2 YunauNsInIBNdaya (Text Preprocessing)

Junaunanisudoya uduneuilddniunismisudeyaliinuizanlunisdiuun
UszivauAniiiu wazidadeyaiilidndusenluifieanniselunmsyssuianatoya Jadu
souilifutuneudildlunisissendoyannudaifunswinisulastoya dunsunisisieudoys

wiseaniuasstiunausail

3.2.1 TURaUN15ARAI (Tokenization)

Tutumeuilagymsfiasluusavauiadiussndudrqlaglddesinsseninmlunnudaiu

leusazdgninesnainiuud aniuagyinisaudnssitlalladsnusennly 1y “. + 17 uaz
yhmsaudlay senamnmmsAauiunaudaity insizsnessmdilifianumineluiaieds
lsisnfudesuhlutsznans lasuasauAnfuasivdeudsdit ey luduneud
214 Regular Expression lumssiad uagumsnusgitbilamasneslunnanudaiu Regular

Expression Mlglutiunauiluanisazui 3.3

W$|d| AW

g‘ll‘fr'i 3.3 Regular Expression

3.2.2 JUAdUN15aU (Delete Stop Words)

TuusazauAnaifiulsenaudie Stop Words shnwie  leusasarudadiuyinisau
Stop Words sanluudarlivilimnmnevesmndaiiuudsuliingz Stop Word 18l
Lifirrumnglusieadudfivweesmslulsdlen  Sdisdusenhavaniluussinana
#9819 Stop Words 19U “and, the, of, I” usiu fmvneiluusazarufadiuazgniiluifisu

fiuga Stop Words dmuhdluaiuAaiiutu Stop Words Aaggnauseniamnarufniiu
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Wianil Stop Words gnaveanainynaudaiiiundiasyhliiuuvesiluusazanu@aidiu

tegasegrannvunnvesadeyaanasdmalildinalunisusznanadeyateyasdie

3.3 ﬂ’ISLLUaﬂ%EIS‘.I’ﬁ (Text Transformation)

24
a

Tuneunsulasdeyaidutuneuililumadeuanufadiufieglusuuuuvewhdnusln
aglugluvuvasiiauieaingedeyafiannsahluduundssanldlaeiidoyatuasdodiai

winngaunulasaeUszamiieu Tumeumiulastayautssenifuassiunaudsil

3.3.1 YuRBUNTETI9YAVRIAIAIALY

114%314&1@145%1%'@"11/1nﬁﬂumwﬁmLﬁwaq%Hummﬁiﬁﬁum%’azgaﬂﬂaauﬁd@ 510 Ay
Anuiu aenuAnitudeuan tex puRadiuBeauiitiumsay Stop Words wéh YardAny
Hugavesriifirnuimddnyielilunsduundssanvesaudndiu . Tagldsmiounlua
Anituiilfiduyndeyatinasuuvinmsaudifisrfuseni  duduemddiaiugadidudi

hidfuasoungamnenufaiiuieldd msuassgadoua (Dataset)

1,768 M
A
4 3

K, Skl T alal

sUN 3.4 yavasiAgy

wasaniilavihnsadrageddaindilidriusdwinlildyalidiiudiuu 1,768

o as

o & a & 2 ] v o & o =g w1
A191NYN 510 ﬂ?ﬂuﬂﬂquma&‘Qﬂ%u‘jaﬂﬂaau ﬁ]']ﬂuut.'i']';\]51?1?“ﬁqﬂfgLﬂudqﬂﬂlaﬂﬂqmﬂUQU@ﬂ

9 o

Ussianvaseudnity Tneddrdazgmihlulitumnuiiiieai syadeyalutuneusely

< B
3.3.2. TumsumsuUasdoya
lutupeutinzyhnsulasdeoyannynarudadilidudeyauuudiay  Wewindeya
AnuAsiuvegnAtudunsuananudafuiuudernuidnes - fuduielideyaaunsa

Wlafumsililumsduunuszsiananudaiu luniideiiléfafenhmsuwadeyaandeya

dsnwslinaneidudiuay  Tesmsiumnudvesusazdlugamddiiiunngeglundaza
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Aoy Fmsuvasdeyagnilaemsihdlugauesiddquniisuiudlunudaiuiion

2

mwBvesiduisngluanudaiiund ynAlugavesdddyezgminnisuidisuiudily

o

anuAnuTiasAaunssisrsunnAluyavesiid iy mndnldsgniuiinadnddeyatiaze

sursulngfirgavheasilulssavesarufaiu - madvesudavanudaiuazegluussvia

°

Wenfulazuiazanufaz iudoshwmies  Weadwhnduanudluaudadiudelufagyih
nstuiinasiwdluussvindaly FBnsudasdeyassyinmuduseuiiluiFesqauasunnaudaiiu
naglagadeyaiililumsduunarufadiy Taeflvnevesnudnvazvowyadoya (Features) ay

funawiriudunureslugavesiiddey Aet,768 M wandugui 3.5

1768 QUANYAE  AAIAAIADY 1768 Quanyy  AaaAInoL
A KJH A (_)H
if 2 i\ { \ S
(i i (7] ;
FVag . Wondes, .. < Wiy as Gy MWas1 - Wog Wi =Cis it
i | i
i : : :
510< & Wiz ‘Wap o Wpo 2 S60L 1t Wiy Wao Wrrsae Gl
uoy | i ; : Mefa Lkl a1 ‘ -
E w‘i,n Wz,n i Wm,n C;'L E wi,n Won .o Winn Cn i
I ] 1
N4 & |
(M) (V)

U7 3.5 yupvesyadeyanldluntvenss (n) vunavesgadeyalinaeu (1) munaveswadeya

nagay

wé’amﬂﬁlﬁﬁ'}ﬂ'1'3Lmaﬁ@a%lammﬁﬂLﬁuué’awﬁﬂfmLLﬁaﬁqﬂ%’ayaaanLﬂwﬂﬁaya
Anaou  uar  yadeyavaseu  lsusazyedeyaiivuevesadoyaded  yedoyafinaou
Ussneudie 1,769 Audnwae 510 Suwalnees uar yedeyaveaoulszneusig 1,769
Audnuz 550 Bunmnnnes Inefudazyadeyasiinudnuazaainadunaamasuveus
azmmAniy anuAadiiludiinunusmeey 1 waverwdsiuluBsauwnudieay 0 e
Hudmeuvesusiasyadeya  deyafirhunisuassgnidsuadwddeualasliutarussiawmu

JoyaundazauAadiu
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00000000 0000000000 0O o O K
0O 000 00RO O0O00 000 O0O0DO0O0OO0CO0OO0OCO0OR
M RO NNOKROOOOROOOKROOWOHR
N R RO RN ENONABNNLWGIERERNERERNEREPR
o000 O0OO0O0OCcCOoOO0O00CO0000O0 000 QR
00000000000 0000000000 OoON
o o000 oOoO0000O00O000O0ONOOCOCOR
000 0000000000000 00ODO0C0 00K
00 0000000000000 0000C00COoON
0 0000000000000 00000C0O0OO0R
o000 0 KFHFO0O00O00 00000000000 R
0K O 0O0O0OD0OO0OO0OCOO0ORKERODOOONR
0000000000 R OO0 00OCO0O 000 O R

o Y ' 3 A £ )
sUW 3.6 fhegnyadeyafiiunsuuastayauda

= s Yacd & g & 1
3.4 manenananuuzlagldIsiauesiduens

TBnsidenauaNiRLUUBNe13I81e13 (MRMR Feature Selection) 11uA3ns#ldlunns

ar or
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ndsnnilsvinnsadeyndeyauesusaymmAaiuinuiunouiBniasdoadoyn  (Text
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3.5.2 mvagdaulssansninvadlasstiteussamiiisy (Testing)

Iu%uﬁﬂuﬁﬁlsﬁ’lﬂ’l‘iﬁ’lLLuﬂ'U'53L.ﬂ‘ﬂﬂﬂ‘uﬁﬁiﬂEJal‘ﬂﬂ‘N‘U"lHU‘i%ﬁ’WlLﬁaﬂJﬁﬂj’mmiﬁﬁmi
tayanudaiurasiuemiiveninisiuundssananudadiulagldyadeyanaaeu
Tassglsgamiiisnazinisswunyssiananudadiuresiuemnslag thdmeuiildain
Insguszamiisssniisuifisuivaaadneuvesndeyanagouudnimiadia Confusion
Matrix Lﬁiai’mﬂixaw%mwiumsﬁ‘hLLuﬂUizan’n’agammiﬂswi'}aﬂwamLﬁau 3] Taei

Confusion Matrix ﬁi’l&lamgﬂﬂﬁdgﬂ 2.8

Prediction
» Positive Negative
t-g; Positive TP FN
B Negative FP TN

gﬂﬁ 3.8 Confusion Matrix

1u Confusion Matrix Usznausne
True Positive (TP) fis Saudayaiiunsgninduaaa Positive
True Negative (TN) fie S1uaudeyaivinuegnindiunaa Negative
False Positive (FP) &ie sruiudeyaiiuieinindusaa Positive
False Negative (FN) @ ﬁﬂuqu%’agaﬁﬁqmaﬁﬂ’juﬂuaaﬁa Negative

Tunsymsneassn1sswunyssnnanudasiutazldnisiauseansnmlunissuun
Usstanvedlasstneyssamifisunmeiuaiuamfe Arruaugnasd (Accuracy) Anauusiuen
Y94NTVINUIBAAIEUIN True Positive Rate (TPR) kag AANNLIUE1Y8INITYINUN8AaNaaU

True Negative Rate (TNR) lngiiveazidendail

Accuracy \ufnnugnisawimuaainmsduundsznndenadudesifu A1 Accuracy

[~ 1 =& da s as 1 o o s P
Wuawmilsnisuldinaiu LLS.IUEJ’ﬂ,Uﬂ’ﬁf\]’]LLUﬂ‘lJi%Lﬂ‘Vlﬂ\%ﬁﬁJ 159 3.1
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TP+TN

Accuracy = ——
y TP+FN+FP+TN

(3.1)

True Positive Rate (TPR) #38 Sensitivity Aa@17lInAINLLENATIUBINITYINUIAATE

o

YNNI IUIUYDIAANEUINTINUALEAIAIAUNITA 3.2

(3.2)

True Negative Rate (TNR) #38 Specificity Analginaruaiuisalunisvituigmand
AUANITUIUVBIARIFRUTIVUALEAIAIFUNITN 3.3

TN
TN+FP

TNP = (3.3)

Tunnsswuundeya (Classification) A1 Accuracy TPR uaz TNR umfiflealdlunisia

Uszavsnmlunmssuuntssinvideyaveaaseenltlunisduundszinvdeya
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4.1.2 nmsudasdaya (Text Transformation Method)
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4.2 msmaﬂﬁmanumsmmsmum'smums

Tudumeuiiimadenaudnsusuuuiduefiduens (mMRMR Feature Selection) gn
thanldlumsidenyafddniivanzaslunmsduunyssaneudai nnyadayaiiaiistumn
TudupeumauasteumiugndauaUsznausenudnuazdnnn 1,768 audnvazdasiiuh
Usgnaufednidudununndenasiudshilisniusensussnanasmegiesauunn
ey ABn1sdenaadnuasuuy mRMR  JaduiEiliidenymvesdiidudueenun ilesan
foensameaeuin  nadenaudnvauuudieEidueianuminzauden Ui
auAaiunniigaviolifslsimsiuSeudisudssangnmuesitnmsidenaadnuazuuy
mRMR AU FBn1sidennuidnuaisiug Snannds fe Bmsidienandnuaiuuy MRF, GA uag
Binary GA
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[l SVM

kY

AUINADY
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80 Average

Ul 4.1 wuglidSeuifisusanugndedlunsduundsziamanudaiuannnisiden

FIUIUAUANBUE

AMANYAZLUU MRMR Wwaz MRF

5U7 4.1 JunisidSeuifisudssaviamlumadenandnumugdeiSnis mRMR  uag

s

MRF [10] Tpafmualinsaesitidenduiugudnuuzainyadeyaiinaeuduiumaadisil 80,
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55, 47, 39, 29 audnwy udazyadeyaszgnmitluldlunisduunysziavlas MLP, RBF waz
svM anuaugiiuandiifiuingedeyafiiunisidenandnuasiieds mRVMR darmnugndedly
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4.3 Tasea$199a4lasevauseaiisy

lunsyaaesildlaseingyssamisuuuuuninssane deunduiiduitenlunsudigm

msdnuunUsziandeya lasaiguszamiguysznaumeluualudugeudiuiu 16 luua

4.3.1 NISAIRUAAINISIRLADS IRNULATIneUssa L iiay

'
=

o i a ¢ al v o | P & o w P v
ﬂ’l'a'm‘lﬂu&iﬂ'WWTﬁMLm@WlL‘Vimsaﬂ‘wﬂUIﬂ‘N“U’lEJ‘U‘izE‘{’l‘V]L‘V]mJL‘L]uﬂ\‘l?{’lﬂ Lwaimﬂﬂ'}

@

augndaslunisduunusziananufaiiuiindige dululszianesnisieuivadasaing

o

UszamifisndaiudeddyfinsdaglifinsesUssamidsnansaSsuiussianveseudaiy

2
L =

laegnegnaes (e nUssianrainisieuivadlaseigUssamiisuduiivargUseinnns
naaesdIvinnisdutntssinnanudntiuvesiuemsinelagldniseuiuuiegiion

UTENnIsSeuEniAImINgnAesIndian Ussinnvesnisiseuivedasiieyssamiieuily

s

naaauilnal

® One-Step Secant Backpropagation (oss) [13]

® Scaled Conjugate Gradient Backpropagation (scg) [14]

® Backpropagation (bp) [5]

® (Conjugate Gradient Backpropagation with Powell-Beale restarts (cgb) [15]

® Conjugate Gradient Bachpropagation with Fletcher-Reeves updates (cgf) [16]
® Conjugate Gradient Bachpropagation with Polak-Ribiere updates (cgp) [16]

® Gradient Descent with Adaptive Learning rate Bakpropagation (gda) [17]

® Gradient Descent with- Momentum Bakpropagation (gdm) [17]

® Gradient Descent with Momentum and Adaptive Learning rate Bakpropagation

(edx) [17]

® Resilient Backpropagation (rp) [18]
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Opinion Mining for Thai Restaurant Reviews using
Neural Networks and mRMR Feature Selection
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Abstract— Currently, Thai restaurants are popular around
the world. There are tons of reviews related to foods and services
in social networking websites. These tons of customer reviews
make it difficult to analyze the opinions of customer toward
foods and services. To help the businesses, the model of opinion
mining is proposed for classifying the reviews and to analyze the
attitude of customers for improving their products and services,
In this research, the artificial neural network is applied to
classify the positive and negative reviews. In addition, the
mRMR feature selection is used to select the features of data in
order to reduce the number of features in the data set.
Consequently, the computational times of learning algorithms
for neural networks are reduced. The experimental results show
that the neural network is an effective model for classifying the
Thai restaurant reviews.

Keywords—  Classification; Feature selection; minimal-
redundancy-maximal-relevance (mRMR); multilayer perceptron
(MLP); radial basis function (RBEF); Support Vector Machine
(SVM).

L INTRODUCTION

The opinion mining is an approach for analyzing the user
comments for products and services. The user opinions can be
collected from the social media, e-commerce websites, product
review sites, blogs etc. These collected comments are divided
into two classes which are positive and negative comments.
There are many techniques are used to classify the data in the
opinion mining. The classification methods based on machine
learning including Support Vector Machine (SVM), Naive
Bayesian (NB), K-nearest neighbor (KINN) are most widely
used [3], [4], [5], [13]. Classifying customer reviews for online
products using Sentence Weight algorithm is proposed [6].
The Sentiment fuzzy classification algorithm is proposed to
predict the positive and negative comments for the movie
review [7]. The Back-Propagation Neural Network (BPANN)
is used for classifying the movie and hotel reviews [8]. The
self-organizing map (SOM) is used to extract the feature of
data vectors [9]. The opinions on Twitter micro blog data are
used for classifying the positive and negative opinions [10].
The text pre-processing techniques including Tokenization,
Stop-word removal (STR), Lemmatization (LM), Number
replacement (NMR), Synonym recognition (SYR) and Word
generalization (WG) are proposed to optimize the experiments
[12]. The natural language processing techniques based on
sentiment analysis are applied to online reviews to find the
most influential part-of-speech [14]. The mRMR feature
selection is used to select the features of omics data based on
three relevance evaluation measures including MI, CC, and

978-1-4799-4963-2/14/$31.00 ©2014 |EEE

MIC [15]. A two-stage feature selection algorithm by
combining ReliefF and mRMR are used for finding a set of
genes [16].

On social networking websites, users can post comments or
reviews about products and services. The opinions of products,
evens, news, and so on can be found in Blogs, social media,
forums and others. For online business, the user opinions are
very important because they can help the business to understand
the user needs and feelings. Therefore, the opinion mining is
the popular tool for analyzing their customers. Furthermore, it
can be applied to business intelligence, ecommerce, etc.

In this paper, we propose opinion mining method for
classifying the reviews of Thai restaurant using multilayer
perceptron neural network (MLP) and mRMR feature selection.
The data used in the experiments are Thai restaurant reviews
consisting of positive and negative reviews. The text
preprocessing techniques are used for preparing the dataset. The
neural network model is used to classify the positive and
negative reviews and the mRMR feature selection technique is
used for selecting the features of data set for reducing the
number of the features of data in the data set. The experimental
results are compared with Support Vector Machines (SVM) and
Radial Basis Function Neural Network (RBF). The
experimental results show that the multilayer perceptron neural
network gives the better performance.

II.  OPINION MINING

Web 2.0 technology and social media cause many opinions
on the websites. There are a lot of opinions on websites toward
social events, political movements, company strategies,
marketing campaigns, and product preferences, and so on. The
comments and reviews can be found in various blogs, forums,
social media and social networking sites, virtual worlds, and
tweets. The opinion mining is a discipline of web mining and
computational intelligence which is used to gather the opinions
in various online sources, social media comments, and other
user-generated contents for extracting, -classifying, and
understanding. The opinion mining can be applied for sentiment
analysis [1]. The opinion mining collects opinions from
websites for classifying through the mining process such as
SVM, MLP, decision tree, and so on. The opinion mining can
help business to know the positive or negative attitude of their
customers about their products and services. Moreover, the
opinion mining can help them to understand the advantages and
disadvantages of their products and services in order to improve
their further products and services.
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[I. THEPROPOSED METHOD

A. Text Preprocessing

In this research, the text preprocessing technique is used
for data preparation which is divided into two steps. The first
step is tokenization used to split the reviews into tokens or
words. The second step is the removal of the stop words which
are words that have no meaning or do not make the meaning of
the sentence changes when remove these words such as “a”,
“an”, “the”, “of”, “I”, etc. Each document consists of many
stop words. When these stop words are deleted form the
document, it can make the number of words in documents
lower. Consequently, the size of data is reduced and the
computational time is also decreased.

B. Text Transformation

The data used in the experiments must be appropriate for
the classification methods. Because the methods used in the
experiments are the computational method, they must use the
data in numeric format as their input. Therefore, the
documents which are in the text format must be transformed to
the numeric format. In this paper, the words after removing all
stop words of all positive and negative comments in the
training set and testing set, the words in the training set are
used as a keyword for creating the input vectors, Then, each
document is transformed into the input vector by calculating
the frequency of keywords appearing in that document.

C. Minimum Redundancy and Maximum Relevance (mRMR)
Feature Selection

The mRMR is a popular method applied to select the
features by using the relationship between the feature and the
target class in order to reduce the size of the dataset. The basic
idea of minimum redundancy is to choose the features such
that they are mutually maximally dissimilar to other features.
Let S denote the subset of features and [S] is the number of
features in S. The minimal redundancy (Min-Redundancy)
condition is

minR(S), R(S) = o Dy s (i %) (1)

where ¢ is the target class and I(x;x;)is the mutual
information between the individual feature x; and x;.

The mutual information between individual feature x; and
the target class ¢ is the measure of relevance of that feature.
Thus, maximal relevance criterion (Max-Relevance) is to
maximize the average relevance of all features in S:

max D(S,¢), D(S,¢) = - T es (i ©) @

where I(x;c) is the mutual information between individual
feature x; and the target class ¢. The mRMR feature set is
obtained by optimizing the conditions in Equation (1) and (2)
simultaneously.

D. Artificial Neural Network

Artificial neural network is one of disciplines of artificial
intelligence  (AI). Artificial neural network is the

53

computational model that simulates the function of neurons in
the human brain. In data mining neural network is another
popular to do classification that can classify the data correctly
and efficiently. In this paper, the opinion mining model using
multilayer perceptron (MLP) neural network are proposed in
order to classify the reviews of Thai restaurants. The MLP
consists of three layers including input layer, hidden layer, and
output layer as shown in Fig. 1. The input layer is the first
layer to get data. The hidden layer is the computational layer
that maps the input data in the input space into a feature space
where it becomes linearly separable. The last layer is output
layer used to identify the class of data.

Hidden

Input Output

—
>

Fig. 1. Example of a simple neural network.

The MLP use the supervised learning algorithm to learn the
data. The data set is divided into training and testing set. The
training set consists of learning sample data and the answers
called “target”. The training data is fed into the network to
calculate the output. Then, the output is compared to the
answers to find the error for adjusting weights. These weights
will be applied to other unseen data to predict the class of input
data. The learning algorithm for MLP is called Back-
propagation algorithm. The processes of the learning algorithm
are shown in the following algorithm.

Back-propagation Algorithm

1. Input the training data to the MLP neural network and
compute the network outputs.

2. For each output neuron j, calculate the local gradient §;
defined by

8 = ey’ (v) (3)

where @(-) is the activation function, v; = ¥; wy;y;, and
v = o).

3. For each hidden neuron j, calculate the local gradient &;
defined by

8 = @' (v)) 2k S (wyy) 4)
4. Update each network weight wy; by

Wi = wi + Awy; (5)

where Aw;; = nd;x; and 1 is the learning rate.
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IV. EXPERIMENT

A. Data Sets

The reviews of Thai Restaurant used in this paper are
collected from th.tripadvisor.com. There are 1,060 reviews
randomly collected from this website. Each reviewed
document include vocabularies, stop words, numbers and non-
alphabet characters. Before training, the reviews documents
are preprocessed by using text-preprocessing method and text
transformation method as mention above and yield the results
as the input vectors. These input vectors are divided into two
classes including class 1 representing the positive review and
class 0 representing the negative review. The dimension of the
input vector is equal to the number of keywords in all
comments after using text-preprocessing method. All data is
divided into two set which are the training set and the testing
set. In the training set, there are 510 input vectors with 1768
features and there are 550 input vectors with 1768 features in
the testing set.

B.  Experimental Resuits

In this experiment, three types of classifiers including the

proposed MLP, RBF, and SVM are applied to solve this
classification problem. To evaluate the performance, the
experimental results of the proposed MLP method are
compared with the results of RBF and SVM. This experiment
is conducted using the neural network toolbox on Matlab. For
the proposed MLP, we conduct the experiment with 2, 4, 8,
16 hidden neurons and the hidden neurons that give the best
accuracy are chosen. After trial and error, the 8 hidden
neurons that give the best accuracy are chosen. For RBF, we
try to change the spread of the basis function and select the
spread that give the best accuracy. After trial and error, the
spread is set as 0.5 for RBF. The mRMR feather selection
method is used to select the features of data. From the data
set, we generate new six data sets. Each set has a number of
features as 50, 100, 150, 200, 250 and 300 features.
All data sets are divided into training and testing sets. The
simulations are run on all pairs of training and testing sets.
The experimental results of the proposed MLP are then
compared with RBF and SVM as shown in Table 1. In the
experiment, the comparative results from the classification by
the proposed MLP, RBF, and SVM are illustrated in Table I.
For all methods, reviews are classified into either positive or
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negative classes. The experimental results include accuracy
and time obtained from six pairs of training and testing sets
along three types of classification method. All three methods
are simulated three times for all training and testing sets and
the best accuracy are chosen. According to Table I, it has
shown that the mRMR feature selection can reduce a number
of features that make the data smaller and less training time in
all classification methods, while it does not reduce the
accuracy of all methods as well. From the comparative results,
the proposed MLP method can achieve the best performance at
93.5% of accuracy, while SVM gains 90% of accuracy and
RBF gains 78.9% of accuracy.

Fig. 2 shows the accuracy of MLP trained by all features
and the accuracies of MLP trained by selected features using
mRMR method. The accuracies of six data sets with selected
features are higher than the accuracy of the data set with all
features. Fig. 3 shows the accuracy of RBF trained by all
features and the accuracies of RBF trained by selected features
using mRMR method. The accuracies of six data sets with
selected features are higher than the accuracy of the data set
with all features. Fig, 4 shows the accuracy of SVM trained by
all features and the accuracies of SVM trained by selected
features using mMRMR method. The accuracies of five data sets
with selected features are higher than the accuracy of the data
set with all features. However, the accuracy of SVM for the
data set with 150 features is slightly less than the data set with
all features. Fig. 5 illustrates the time comparison of the three
methods using all features and selected features. The training
times of MLP and RBF method with all features are very
higher than the data sets with selected features using mRMR
method. However, the training time of SVM method is almost
no difference between all features and selected features
because the number of all features is not sufficiently large.
From the experimental results, the input vectors with 200
features give the best accuracy. Therefore, the mRMR feature

selection can reduce the number of features. Enhance the

accuracy and use less times for classifying reviews of Thai
restaurants, From the experimental results, all three
classification methods can efficiently classify the review data.
However, the experimental results show that the proposed
MLP is most effective for classifying reviews of Thai
restaurants.

Table I. Comparison result of MLP, RBF, and SVM

Non feature select mRMR Feature Sclection
Method 1768 50 100 150 200 250 300
Time | Accuracy | Time |Accuracy| Time |Accuracy| Time |Accuracy| Time |Accuracy| Time |Accuracy| Time |Accuracy
(second) (%) (second) (%) (second) (%) (second) (%) (second) (%) (second) (%) (second) (%)
MLP 2431 90 0.58 91.7 0.65 92.2 0.697 92 0.8 93.5 0.58 92.2 0.47 90.9
RBF 353 725 0.24 853 024 78.9 0.24 715 0.24 757 0.43 74.4 0.65 75.9
SVM 0.54 89.7 02 90 0.5 88.9 0.39 86.9 0.6 90 0.33 88.2 03 87.1
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Fig. 5. Comparison time of the three methods using all features

V. CONCLUSION

In this paper, we propose the model to classify the opinions
of customers for Thailand restaurants using opinion mining,
For the proposed method, the mRMR feature selection is
adopted to optimize the classification of Thailand restaurant
reviews and the neural networks are used to classify them into
positive and negative reviews. The experimental results have
shown that high accuracy can be gained in all classification
methods. When mRMR method is used to reduce the size of
data set, it enhances the performance of the neural networks,
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spends less training time, and preserve high accuracy.
Furthermore, an advantage of the neural networks is that they
can adjust themselves to recognize patterns of the reviews and
thus, they result in high accuracy in the classification. From the
experimental results, they have shown that the proposed
method, which utilizes the benefit of mRMR feature selection
and MLP neural network, can achieve the best performance for
opinion mining for Thai restaurant reviews.
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Abstract—Opinion mining on millions of Thai restaurant reviews
in an unsupervised manner is a challenging task to survey
feedbacks of the customers on their products and services. This is
extremely helpful for owners to improve their business. In this
paper, we propose an opinion mining on Thai restaurant reviews
using K-Means clustering and MRF feature selection. The
proposed method begins with text preprocessing for breaking
reviews into words and removing stop words, followed by text
transformation for creating keywords and generating input
vectors. MRF feature selection is subsequently adopted for
selecting relevant features from a large number of features
extracted. Then, K-Means is employed for clustering into positive
and negative reviews. From the experimental results, MRF
feature selection can efficiently reduce the number of features in
the data set so the computational time is significantly decreased.
In addition, K-means can achieve the best clustering
performance, when compared with Self-Organizing Map, Fuzzy
C-Means, and Hierarchical Clustering. Thus, the cooperation of
K-means with MRF feature selection is an effective model for
clustering Thai restaurant reviews.

Keywords-Opinion Mining; K-Means; Self~Organizing Map
neural network (SOM); Fuzzy C-Means (FCM); MRF feature
selection; Hierarchical.

L INTRODUCTION

Opinion mining is a web mining technique for analyzing
underlying sentiments from user-generated content, such as
online product reviews, blogs, discussion forums, and so on.
P. Jiang and et al. [3] presented opinion mining of online
product reviews using tree kernels for sentiment expression
extraction and sentiment classification. Their experimental
results illustrated that tree kernels can achieve a relatively high
performance when trained by small data set. Then, X. Yu and et
al. [4] proposed Sentiment PLSA (S-PLSA) in the movie
domain for sales performance prediction. It can help us move
from simple “negative or positive” classification toward a
deeper comprehension of the sentiments in blogs. Amir A.
Sheibani [5] conducted his research on finding post spam
reviews of products by review spam recognition. In addition, K.
Jedrzejewski and M. Morzy [6] discussed the role and
importance of social networks followed by presenting P-
proportional method for classification real world data sets.
Likewise, R. Xu and C. Kit [7] also presented a Corse-fine
opinion mining framework for classifying NTCIR-6 and
NTCIR-7 data sets.

In unsupervised classification, k-means is widely used
method for data clustering. T. Hitendra Sarma and et al. [8]
proposed a two stage hybrid approach to fast kernel k-means
clustering method and the experimental result showed that, with
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a small loss of quality, their method can significantly reduce the
time taken than the conventional kernel k-means clustering
method. Furthermore, S. N. Sulaiman and N. A. Mat Isa [9]
presented a new clustering algorithm called Adaptive Fuzzy-K-
means (AFKM) clustering for image segmentation, and it
illustrated efficient segmentation results. Additionally, K-means
was combined with manifold learning algorithms into a
coherent framework in order to improve k-means algorithm
[10, 11]. The results showed that the method can effectively
improve the speed and accuracy of clustering, while reduce the
computational complexity of k-means simultaneously.
Particularly, the framework KCM (K-means clustering with
manifold) has shown the good clustering results on UCT data
sets.

Fuzzy C-Means (FCM) [2] is a typical clustering algorithm
used for clustering large data. It is one of unsupervised learning
algorithms in machine learning. Timothy [12] applied fuzzy c-
means (FCM) method for clustering very large (VL) data and
compared it with three methods. The experimental results show
that it 1s a good choice for approximating the VL data, B.
Mohamed [13] proposed New Allied Fuzzy C-Means algorithm
for Takagi-Sugeno Fuzzy model Identification. The Particle
Swarm  Optimization method (PSO) combined with the
NAFCM  algorithm (NAFCM-PSO) is applied. The

experimental results demonstrated that the NAFCM algorithm
combined with the PSO algorithm give the best result of
identification.

On websites and social network, users can post messages to
comment their products and services of restaurants. There are a
large number of these opinions distributed over the networks.
From the viewpoint of business, these opinions and reviews can
help them know the users’ needs and feelings because each
review report expresses what the user thinks about their
products and services. Therefore, opinion mining methods are
used to understand the opinions, and machine learning
algorithms are adopted as the popular tool to analyze them. This
can help the business to understand various kinds of the opinion
groups and patterns.

Since clustering of the user opinions is beneficial to various
viewpoints of business, this paper proposes opinion mining
method for clustering the reviews of Thai restaurant using K-
Means clustering and MRF feature selection. The data sets used
in this experiment are the reviews of Thai restaurants collected
from travel guide website. The data sets are transformed to the
input vectors of the clustering model by using text-
preprocessing and text transformation methods. In addition,
MRF feature selection technique is also used for selecting
relevant features in the data sets. Then, the size of data is
reduced so that they contained only relevant features.



Consequently, K-Means clustering is used for clustering
reviews of Thal restaurants into positive and negative groups.
To evaluate the performance, the experimental results were
compared with Fuzzy C-Means algorithm (FCM), Self-
Organizing Map neural network (SOM) [14, 15] and
Hierarchical. For this experiment, it has shown that K-Means
clustering can achieve the best performance of clustering Thai
restaurant reviews.

The remaining of this paper is organized as follows. Firstly,
Section II provides a fundamental knowledge of opinion
mining. Secondly, Section III explains the proposed methods
including procedures of text preprocessing, text transformation,
MRF feature selection, and K-Means Clustering. Thirdly,
Section IV describes the data sets and parameter setting used in
this experiment followed by discussing the experimental
results. Lastly, Section V concludes all of this paper.

IL.

Opinion mining 1s also known as Sentiment analysis that
can analyzes people's opinions, sentiments, evaluations,
attitudes, and emotions from written language. Opinion mining
consists of various techniques in information retrieval, natural
language processing and machine learning. The techniques are
used to analyze opinions, comments and reviews of people to
find what people think. Currently, social network can cause
many opinions on the websites. The opinions of people on
website are collected for classifying by the mining process.
The comments and reviews can be found in various blogs,
forums, social media and social networking sites, virtual
worlds, and tweets [16]. The machine learning process can
help us know patterns of the opinions. From the viewpoints of
business, opinion mining can help the owners understand their
customers’ needs and feelings through reviews of products and
services. This helps agencies and organizations find
information  feedback to  the  customer relationship
management. Consequently, the opinion mining can help the
owners improve their products and services that will be
launched in the future,

OPINION MINING

III. THE PROPOSED METHOD

A, Text preprocessing

In this experiment, the text preprocessing is divided into
two steps. The first step is tokenization used to split the review
documents into tokens or words. The second step is the
removal of the stop words, which are words that have no
meaning or do not make the meaning of the sentence changes
when remove them such as “is”, “to”, “and”, “of”, “in”, etc.
Each review document consists of many stop words. When
these stop words are deleted from the document, it make the
number of words in documents lower. Therefore, the size of
data is reduced and the computational time is also decreased.

B. Text Transformation

For text transformation, it is divided into two steps. The
first step is creating a list of keywords. After removing all stop
words in both of positive and negative comments of the dataset
set, the words obtained from 510 reviews are used as
keywords. Moreover, duplicate words in 510 reviews are also
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removed such that the obtained keywords are the unique
words. These keywords are subsequently used for creating the
input vectors. Since feeding an appropriate format of inputs to
the clustering methods is necessary, the second step will
transform the documents, which are in the text format, to the
numeric format. Then, each document is transformed into the
input vector by calculating the frequency of keywords
appearing in it. The obtained input vectors are subsequently
fed to the clustering methods.

C. MREF feature selection

MRF feature selection is a method applied to select the
features using Markov random field optimization techniques
[1].The MRF feature selection uses the value of ¥ and the
value of f§ for determining the number of chosen features.
These values are the global threshold. The MRF algorithms are
as follows.

Fisher-Markov Selector with Linear Polynomial Kernel (LES)
algorithm withd = 1.

1. Input a data matrix of data sets example [x4,...,x%,] €
RP*™ for g groups. For the vector of group labels of
the data sets y=[xg,...,x,] where y, €
Wi . U= 1, AR
2. Compute the Markov coefficients 8; by

e L 1

d (OO 2 ¥~

<A ;Z = XL ZN%+
=1 =1

ur=1

i XyjXyj (1)

w,r=1

3. Solve LFS problem by
6>pea =1 ()
4. The output is the estimated feature selector of a*.

Fisher-Markov Selector with Quadratic Polynomial Kernel
(QES) algorithm with d = 2.

1. Input a data matrix of data sets example [xq,...,%,] €
RP ™™ for g groups. For the vector of group labels of
the ~data sets ¥ =[xq,...,x,] where v, €
fwy,...,w.}, k=1,...n

2. Compute the Markov coefficients 8; by (2) and 6); by

g g n

s (OO OMO)

Qﬂ Hzn_ Z Xyj xv!j xv;')xvff E x?}'xfzf
i=1 !u,uzl i=1
n
p=l .
+Ia ) mugt 1S3 S @
u,v=1
3. Solve MRF maximization problem of (QFS) by MRF

solver.
4. The output is the estimated feature selector of a*.



D. K-Means Clustering

K-Means is a typical clustering algorithm which is one of
unsupervised learning algorithms in machine learning. It is
widely used for solving clustering problems in various kinds of
application. In this experiment we apply K-Means clustering to
classify Thai restaurant reviews. K-Means clustering assign all
data into /kth groups by minimizing the objective function
which is defined as:

E=TFE Toee, lIn— il )

where k is number of clusters, y; is the centroid of clusters C;,
and p is the data point in each clusters. [n K-Means clustering,
firstly, the K points are placed in the space. These points
represent initial cluster centroids. Secondly, ecach data is
assigned to the cluster that has the closest centroid based on the
Euclidean distance. The Euclidean distance can be defined as

dX,Y) = /(1 — ¥+ (2 — ¥2)% + (% — ) (5)

Thirdly, after all data have been assigned, the positions of the K
centroids are recalculated. Finally, these steps excepting the
initial step are repeated until the centroids no longer move [10].

IV. EXPERIMENT

A. Data Sets

The data used in this experiment are reviews of Thai
restaurants collected from th tripadvisor.com. The 1060 reviews
are randomly picked from the website. Each review includes
vocabulary, stop words, numbers and non-alphabet characters.
For this experiment, all reviews in the data set are preprocessed
by text-preprocessing and text transformation methods for
creating input victors. From 1060 reviews, 510 reviews are used
as the training set which are used for creating the keywords and
550 reviews are used as the testing set. The input vectors are
computed from the frequency of the obtained keywords. So,
there are 550 input vectors, which each of them contains 1768
features. In this experiment, the data set is divided in to two
groups, the first group contains the positive reviews and the
second group contains the negative reviews. In addition, the
MREF feature selection technique is used for selecting relevant
features of the data sets. In order to find an optimal
performance of this technique, the £ values are defined
differently. Accordingly, the beta values are set as 0.05, 0.04,

5%

0.03, 0.02 and 0.01, while y value is set as -0.5 for defining the
number of selected features. In this experiment, we adjust the
value of § for choosing features until this value optimized for
each data set. The MRF feature selection can reduce the
number of features and make the data smaller. Thus, features in
the input vectors of the data set are selected by MRF feature
selection. After selection, new six data sets are generated. Each
set had 550 input vectors with the number of features as 103,
135, 183, 261 and 467, respectively.

B. Expeimental Results

In this experiment, an unsupervised learning algorithm is
used for analyzing the reviews of Thai restaurants. Four types
of clustering algorithms, which are K-Means, Hierarchical,
Fuzzy C-Means (FCM) and Self-organizing map (SOM), are
selected. Then, the experimental results of the proposed K-
Means clustering are compared with these methods to evaluate
the performance. In this experiment, Matlab toolbox is used for
conducting the experiment. For the configuration of the
clustering algorithms, a type of distance measurements in K-
means and Hierarchical clustering is defined as Euclidean
distance, and numbers of cluster of SOM are defined as 2. All
clustering methods are simulated on six data sets, and each
method is run five iterations for each data set to choose the best
accuracy. All methods clustered the reviews into two groups
each group include positive or negative reviews. The
experimental results of K-Means clustering are compared with
the results of FCM, Hierarchical and SOM, as illustrated in
Table I. For the data set with 103 features, K-Means can
achieve the best accuracy at 71.7%. The accuracy of K-Means
is higher than the accuracy of other methods. Besides, K-Means
can also achieve the best accuracy at 70.3% for the data set with
135 features, while K-Means can obtain the best accuracy at
74.6% and 75.5% for the data sets with 183 features and 261
features, respectively. Then, K-Means can achieve the best
accuracy at 74.6% for the data sets with 467 features, while
Hierarchical can obtain the best accuracy at 77.9% for the data
set with 1768 features. Figure 1 illustrates the average of
accuracy values obtained from all six data sets. The
experimental results have shown that K-Means can achieve the
best average accuracy at 71.73% for clustering Thai restaurant
reviews. Figure 2 illustrates the running time of each clustering
algorithm applied to six data sets. From Figure 2, it can be seen
that the running time of all algorithms are reduced when the
number of features are reduced.

Table I. Comparative results of K-Means, Hierarchical, FCM and SOM

MRF Unsupervised Learning Method
Feature Selection K-Means Hierarchical FCM SOM
Number of Accuracy Time Accuracy Time Accuracy Time Accuracy Time
features (%) (second) (%) (second) (%) (second) (%) (second)
103 71T 0.116 63.0 0.048 583 0.006 59.9 0.7
135 70.3 0.116 30.7 0.056 59.5 0.009 59.2 0.695
183 74.6 0.139 46.6 0.059 62.3 0.023 58.4 0.719
261 75.5 0.139 66.6 0.073 57.2 0.012 59.2 1.236
467 74.6 0.153 332 0.09 61.1 0.012 58.6 1.866
1768 69.3 0.889 77.9 0.31 592 0.039 59.0 555
Average 71.73 0.2586 53 0.106 59.6 0.0168 59.22 1.794
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In this paper, we propose the clustering of customer
opinions for Thai restaurants by using unsupervised learning
algorithm. In addition, the proposed method apply MRF feature
selection technique for selecting relevant features. This can
effectively reduce the number of features and computational
times. Then, K-Means is adopted for clustering the reviews of
Thai restaurants into positive and negative groups. The
experimental results showed that K-Means clustering is
compatible with MRF feature selection since it can achieve the
best performance in the clustering. Furthermore, the proposed
opinion mining method can be further improved and deployed
to other clustering problems in business. especially tourism
industry. This proposed method can be applied to determine
business strategy and to improve products and services
according to requirements of customers.

CONCLUS_ION
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