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NISATUIUUIALINLARS laLNY (Computation of Eigenvectors)
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ga9ANANTLE MR TN AR IINZEY (The Least Square Best Fit) A9&NNsT (3) 9

wesndlydlfimadn X Hasugaadarsuiunne N i NN adaadLAas AN

wwsliuniafisauluusazgadionnuls Jaunawindu k e

AMNUULNLNFN i adwEEndlud 7

LAANANAIMNANN UG T

documents

o

i
i
i
I
i
I
|
terms :
i
i
I
i
|
i
i

- T, S Vi

g1l 2 mmm ﬂ.ﬂl?wﬂﬂuﬁwﬁeﬁlﬂﬁmamsmqmaasumu

PRIV ﬁ“ﬁﬁ]ﬂ RATIB

s basInd lud X dafluszunuaa niang (Semantic Space) N1RIUNA
WINTZAN k WAD mmmmeﬁiwmﬁ;m%@mmuﬁm%’lugﬂmmmmqmmﬁwﬁmm

A

nNwefAn vBanNAas § AaNnIi (4) [7]

AT 4
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2.1.1.5 n1sulana (Interpretation) AINFEUILANNUNIE
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A ng 115 lunnsman s dian weusausie i dane 3nuntiaue lun1ssnAnim ined 4

o o

sulunin 1un 35n19dnAuuLLanTas (Longest Maiching) 35n196AATLLLABAARBINN
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2.1.4 msauuniszinnaasdaya (Data Classification)
o v (<1 v o o v 2 I 1 dl
nenuuntszinnaesdieya iunssiigunsaseiuuudansdeyalies lungui
o kA dl Y & I 4 A 1 b4 1% dl o
Avuan i inauans WinALINBANAI S NARaaviTenguaeslioyald uaziveniuie
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uagiuN1snI vt Qesakniilp tingadeyannd s uliissuuBauidnldeys
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] v
= o =

o eal o pr o Ty v o o
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2.1.4.1 u’laﬂm_é (Naive Bayes)

wiavhiue umeliniiling v (Bayes’ Theorem) lun1sAtusmumiAIAIIN
1 | zill o z£| o U o = a;d 1 o dl
ezl ian TR UIERA TR0 IALABNIFINNAATANFI L TR ATENA A s afa L TR T4
a dgj ] A o o .

mﬂuﬁuqﬂmmlﬂumﬁmLLuﬂﬂ‘a‘:mw (Classification) [11]

A el PH) Aepdnatihagilunasiiauan1sniH uay P(HIE) Ao
ArNazlunazifiamenisal H Wefiawmenisal E

AU AINFILLINANAUALATIUIAATRIN A HTLUE 1I1ANHNTANIUIEMANITOIN

a % a 1 Y o Aﬂl
W"‘]"I?mqiﬂqqﬂﬂ’]?mWI.I’I'NLﬁﬁlﬂqﬁ‘mmqﬂﬂi@ﬂﬂﬂmﬂ’]?w (10)

P(H |E) = P(E] ;[();)P(H) (10)
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LAZIIIAZATNITORAAINITATHIINII BN eI ampAnITRininIsiaLe N0l

sl lunnsduuniszinnunnndn 1 alia 1Edsauniei (11)

P(H | EL,E2,..., En) = L& 1,]1;3 (ZEIEE; | HE):)P(H) (1)

Faaeing NsANUIINIANUNAzLTll P(Emotion=Sadness|Word) sl
P(Emotion=Sadness|Word) = P(Word “la1” | Sadness) x P(Word “dniluuing” |
Sadness) x P(Word “lajiasiaug” | Sadness) x P(Word “3nd” | Sadness) x
P(Word “maﬁl‘]_lfjﬂ” | Sadness) x P(Word™“aasn” | Sadness) x P(Word “maaznng”
| Sadness) x P(Word “An3” | Sadfwess) X P(Word “v711” | Sadness) x

P(Sadness) x 1/P(Waord)

’

Faaeing nsAnunnANEtinat LIl P(Emetion=Happiness|Word) 1Easialali
P(Emotion=Happiness|Ward) :‘P(Vgord “IAL” | Happiness) x P(Word “uniiluuing”
| Happiness) x P(Word “13\1'_;1215'{1@LL@"’:]J“Hg_ppiness) x P(Word “send” | Happiness)
x P(Word “m%‘]_l?jﬂ” | Hain_rzless) x{l?k_\{yord “an¥in” | Happiness) x P(Word
“Wnazae” | Happiness)sPiword @ﬁ”| Happiness) x P(Word “#19114” |

Happiness) x P(Happiness)x 1/P(Ward)y ==

Wanvualiuanisalel, E2,.... En Aamaniand n manasadaldlunisauuntlsznm uay
a ¢=4I o | ¥ ! e 1 dl A 9 | @) A 1 o
AnaNNAF NN LA LA AN TR T lunsdakundssinniiugasesieriu
1% 3// [ A a Y o all
il isnazansauansnaseuinlag vl wdlifannisi (12)

P(E1| HYx P(E2 | H)x .x P(En| H)x P(H)
P(E1) x P(E2) x P¢E3) x ... x P(EA)

P(EVLE2,...En| H) = (12)

wninlssynaldnuaassannidusaszrianiuaesnisdangdiuludsslaanii vin 1

dluansnaiuils azuanal@saannisi (13)

P(ELE2| H) = P(E1| H)P(E2|H)x P(H) 13
’ P(E1NP(E2)
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J1E LNTE NﬂW?LLﬂﬂﬂﬂﬂLﬂuﬂg m@m@ﬂ’mumﬁmj ‘ll‘ﬂLZQF;Iﬁ‘ﬂL?‘ﬂ\?ﬂ‘ﬂ\?ﬂqﬁlﬂuqﬂuﬂﬂ’ﬂN

| dl A = Y 09/ o I d’ 4 ¥ 091 v, A ° v = a %
iaanevsan Bl L ueaas Gy HhinviipRely eneagiinliinisiianuiinll1s

2.1.4.3 \AsANsINARSAN LAY (Support Vector Machine)
iwrasansinimaiatiuayy Huisniseuunissinndeyasoanisasisannig

dunsaiautivaadeya 2 aandeanainiu nanistiradeyaainszunudunmlldassuny

1
o

AUANEUE uazaTiaiduinauadtaiuaesdieyanizandieiduinadiua (Kemel

Function) UWITHILAMANEE A UUNTIMNIENgA (Optimal) Adaziaginaaindeyad

%

ag In&NgAaINTIa 2 AAARIETZEENNNNINTIGR
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v a

2R18995N19UAE #11130909F A UUANIAN UL LANIN uAziAINDNFBIgY

v a A 4 A o o 'Y dl

dodune fiavnanilaiduimefiuanivunzas
nsdsegnaldiAsasansnnmadativayuuuuaiaaaia (Multiclass SVM) lunns

o v dl My o o = o b4

Auundayanlalaantinies 2 aana aunsainlé 3

(1) W k niladauanuezdiuiniuae (k One-to-Rest Classifiers)

v
o a

(2) W k(k-1)/2 wanueiziilug (k(k-1)/2 Pairwise Classifiers) fiun1gseanidss A3
- avAzlLdedaulunl (Majority Voting)
- naWeuLRediae (Coupling/Painwise)

(3) wwzgmm’?;@ﬁmmLﬁmﬁ?@ﬁgmmﬁmm?uﬁmmumﬂﬂmm
- m’éwﬁqﬁSﬁ“um?ﬁmau%‘[mﬂﬁmimﬁmnnﬂmm@ﬁmmium{i LHb

- araileidlgasiealladuitiiazaa  alnenansanantzandeyanis
)

i -

Hnelunetflunaadtiy

— -

i
1 *
L1 "

2.1.5 g unUsELnNaIzN s (Emotion Classification)

mﬂﬁﬂmmummmmmlumiu,'&mi@ﬁwmiﬂjmmmﬁﬂuﬁqﬁﬂm WAAINIT0IN
2 A a' d' [ d” = "r-;; ‘-:v 1 1 v o oyt
1@1@1&1L@faﬂmmﬂuwugmmqmmmmmmmmgﬂmugwum b1 N7 (Recognition)

avdinla (Understanding) wagiasqiaes (Simulation) uardiuilanszuaunisivaliinig

a 1 dll [ 1 ' 1 6 o a o a a dd” [
G]ﬂG]’ﬂ@’ﬂ@’]?ﬂ%?tﬁ’l’lﬂ@h}‘ﬁﬂﬂﬂﬁ@NW”JL[FI@?N?J‘J‘%ZWI‘EJ’HWWHU (1]

(1) nsasnsrigasuniaandemoaudisuussialilniaaila [14] 1un
- MeaANzsanIgEANNEAN (Sentiment Analysis)
- g MiAaNNaAndtae A UANNNARASI9A39A (Computer  Assisted

Creativity) Was

= - o & P | o & -
=139 Lﬂ?qz‘ﬁ@qﬂﬂqﬂ?ﬂqmﬁﬂ\?ﬂﬁgtﬂﬂmﬂNﬂmﬂﬂqqﬂg@ﬂluﬂq?u@ﬂ\ﬁﬂq?ﬂm

@ o !

lunsdunussenansnennAnediuiinee (Verbdl Expressivity'in' Haman Computer

v

=

Interaction) F4ABHELNNIARNINATNIAINA N FIINT AUIN YT TN ANEN NN T
dl o a 1 =3 o/ (=1 v v o L8 Le
WasannArnsanainisotuenieszauaaiull1flunisganensuninesuysd uas
dl | % L7 [ %3 1 6 1
aunsanazuaniuilalifinlsclaadsnanuansansunlaiels

v
o

(2) A1n3aN138 LN TN AN ALAIN LN TN e Nl e Fail

%

- WLNUWLLWEL (course-grained) 11 wuaiEludauan-daay

- WLNUULAZIBER (fine-grained) Fautiiluansunisines [15]



18
1 09/J A 1 | o’/j 1 ¥ <K 1 [~ rd‘d
- wuwisgaanuuiagiaanuiaudanauudaaantaiuasuaind Ao u g
TdlunaRendudq i Sanudnliuanndn inliinan1sanuunilinaaudaiannan [16]

o i = A o v aa ] v = . o R
nailunisAneuNeaiudemI TN NiNAFaAIINTAN (Affective Text) Wnaznaang
nN7eNALiUEneNaulaN1 AR N AN LS YRR LLILAIT A AN N LS IR aIST (Pearson
Correlation Measure) 34usenavuding 6 a13uniuan tawn 1n3s (Anger) 1820289 (Disgust)
nan (Fear) @ynau (Joy) \A31 (Sadness) wa Uszuanla (Surprise) T9i@adnunazuan

P g o o & o " - | Iy
@’]?Nmmﬂmfﬁﬁi‘uﬂq?@’]LLuﬂm@ﬂQ’]N [14,17] LL@zLﬂuL‘M[ﬂNﬂiﬂﬂq?L@ﬂﬂ@q?NMLV@qquiﬁj

AAzTlienulstasNnianndana NN 1= e lu it a1t

2.1.6 nMsAwunUsTIANaelaadId (Text Classification)

lunnsanuuniszian aiigaing ﬁﬂ@@”mmméi@uiﬁumagﬂLmuﬁﬁbﬂﬂizimuﬂlu
n139LATIZERNLLN LA TV

(1) Auenqaeddeatny LAk 359@1”‘1;@,;[18] 5o nuLlrelam [16] izﬁu%@mmfu [2]
Y98 TTALLNANNENY [2019] (114510 2 .

2) a”ﬂ'i:rmmmLmroiqﬁmmm%_]@mmlﬁﬂ :lﬂﬁ/\‘l?@ﬂﬁw]mﬁﬂ [20] 4n9 Hiadiad1a [4] 1n
a73/uAan [2,3,16,18] nai] Waadmnsa (chat @ﬁmment) [21] watleng [19,22] lufiu

nsdnuunUszinneesdianani a bessdnendie Bunm AagATEAIN X uay

& | 4:4‘9./ o o/ ] 1 o [ v
L’ﬂ’WW\!ﬁlLﬂuﬁ@W@ Y:Vl(mﬂ\?ﬂ’lﬁ‘m']u’]ﬂ mmwmu_mm%mnﬂ@xmmammmn (Jokes)

dludapauiimaunan (Funny) wazliman (Not Funny) AREL RIS EER At PRTIRETITITR
unAne et lunana AB, C, D, v9a F Meauunilssinnaiuadniiuauily (spam) visals
Huauwn dusie(2s]

=2 a o a} 1 ' o % 1% aa a
AINNITANEININIRLNNIUNT WL N19AURNLIZ NI adTaANA s aNLE

Judtaddsgdns paniaalupazsn uuntlasnndiefnnno wad g 24] usiiilasann

ya o

a o o dgl o 9 = =
NuUIdetul ankundstinmenansdaastuni e IngERduameaewTauiay
dsz@nsniniuasnisduuntszinnienans 355 LHun 35uaniud 3aiesesdnsnnined

o 4 Y o a os/, QID t:ll ¥ o
avuauy wazdsAuliifngula MallszuiuanuunieflfainnisAuIANNI LIS
:/l < o o‘d‘d 1 o 3 [ | b4
duiluszunuannduiusnisunaluajunn seduisnazutsdeyaseniiu 10 gadeyauny
¥ 1% as P4 a o ! A <
nagavgadeyasiaeaisnimeasuuunlaidin@uny na1helunilesaueiniamegas 9 1
foyaiflugetnedy uaz 1 gadayailuganasey udiniunimaseudidusaiuou 10 AF

a Q

walilfnaduilafiduspnugnsiasmesnisaiuunilszinmaasienansianaiy
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ANUU AUUNUTLIANUBIAIATNARIRNAIUUA NEINAD RINTLARE Y ALRI

| A

sduuuAniaziiluresa luenansliidumana Y Freo PXIY = y) Na19A8 AMNUIAY
Hureenans X azetfluaaia Y Hawindu v Faanssnuundasidudnsuniudndin
az@aupdnniraziulian P(X={de, 419, 31, 49, Aane, ..} | Y=4mTun) = 0.89 ¥ige
P(X={ian, daudln, fis, nee, 1, ..} | YZﬁ/erﬁb’]) ~ 0.93 fufu uanaininudn feRae
nssuunilszinnieannudneisunaniud e a1unsnliadAlunisauun ssanunsanuse
desunaudulsa uaz anunsoliiflesadiasailnduiaunalvaflda [24] Bt Bouazdrely
nabIUURITR wasfipuunesigdlunsnsfidfluhas dnlaandszaunisalnns Genidana

[23]

2.1.7 N1gIuNa1sHAaan1aRa il (Emotion Classification from Text)

Tunnsauunansupianigans Afadeuandanlavaiagluuunivalss Taamily
N9LANZIA LN ; v
o 1 di/ o 4 fj 1 % A 1
(1) Fati@ensuaianpdia gy A1nIsauLs LA 2 Yssinnae n1enienn i lepew
a19u0d (Emotion Icon viza'Embticon) [16] sigasinniia@afivunanaaztiuandniuaiiiiu

WAZEfINITAaa1TNaIUN9een WAl @A MUl 109diaANN TediapaninaNnAIR

Usznavawiludsylsalnenasasiilugaumieassls: laa (Part of Speech, POS) WaZ#

Mﬁqﬁmqﬂuﬂiﬂﬂﬂ z@mmsﬁlﬂuﬁqﬁmmmLﬁy@qﬁu’l,é’ [1,17-9.] L%qumimﬁm:mw?ﬁﬂ
arg1:190eaUNe LA AT BRI W (Noun) LLazﬁf]@mﬁwﬁ (Adjec:ii‘ve) AN mum&lmizﬁ
AfluafanisugnseantsenINnl (Affective Events) AzUARNAINNGANAEIANZEN (VerD)
[1] wlupin

(2) Fanneh M s Tuunansalaindenanu T14] widnhd 3 A3nnewdn tdun

. él%mﬁﬁmmmﬁﬁﬂu}nmLm?:m (Machine Learping)-16]

- 1%ms?a’w?§qLﬁﬂumﬂwwmmmwdwﬁ']Lmzmimﬁqm’éqﬁ”uumﬁ
nswmaundganssosinuiialuanunsald@1a8eld iy WordNet [14,25], ConceptNet
[3.4], ANEW (Affective Norms English Words) [3] vitea5enaunynsaatssnfiuan ol
TnenmsgneBanaunynsafiueniesdznsldAumanaduiuslmiffestesiuesund
L1 W@u’]u}m‘a\mﬂwﬁuﬁfﬁl@’h HowNet [1] Wlumu dusy WordNet, ConceptNet ag

o o A o & 4 o o

ANEW HiiadninneAiazsieniunimdangmyingi uaz HowNet fildedninfemiazsies

v 1
4 ° s

\{un1enauwingu drusunaunynsunien nedsliddaunnanatsensunizesan [26]
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- lepuliinzuuwizesey 39lunsaill azlfensuninanng@niinauann

v X a 1 1% @ A o ¥ a
ﬂqqﬂgﬂﬂ@?ﬂjﬂﬂﬂﬁu @WN’]?GLLU\‘Iiﬂﬂ@ﬂLﬂu 2 1szinn Aa N9 LUNA1TNEIABA19E9NNT

¥ o

Tinzuuuanngeu [17,27] 1 Wifauliinzuuuainesdanisilsziivensual [2] vise nng

U

v
|

AWUNBNIHAIAINN1IAAUaNH AT (Emotion  Tagging) AngLliams [15,22,28] HeHUNLIF

o a‘dl9/ = o [ % Y o Y dl = Q’/J Idl v K dl Y a dlﬁl
nsthansuaingasuninuliduieanunaisuiu anaazlidenruianiufiasesieanns
aaludanannld (28] Wavannluanenfidauiidudsudaninuaiainauduan vse

doua e

Myo o v =R o A el a LYl , . v
1N1®ﬂWﬂUﬁQWN§@ﬂWLLW@?Q ANUULTRAINAN U LNARINHBTU (Readers' Emotion) @51‘1/1

ANNHENFIBININNTGN

2.2 SMUIFENLNLIUD

|
av aa [y o A
2.21 mu'mzmmzl'm‘l.lm‘imLLunﬂﬂiNmmn“ﬂ'ﬂﬂQ’m

F. Sugimoto uazY. Magaiide [191 alnarsHEanuaienen i giluainnis
ﬁquqmmqqmﬁﬁﬂiﬁﬂgmuLL@ iﬂLLumﬂwmmmmﬂuﬂ@yIﬂﬂimﬂim@ﬂLﬂumms
ANUNETBIAY Taya R e Lﬂuummwmﬂim@umamLmvmmmﬁﬁmmmq
NN ﬂ\‘iuuQﬁﬂ’]iLLiﬂﬁﬂﬂ’W'a“LL'LI\‘1°]JﬂﬂQWN‘VIEIJT'IuLﬂuﬂ]NEI@FJIQEIW@Wﬁ‘ﬂmfmﬂ‘t:’muﬂm@\‘i
mmmmmwmmuummmmmmnummq%mw Antuluusazlsslun arntuuanm

WJ’]Nﬂ@’]ﬁlﬂuiuﬂiyiﬂﬂVlNu’]Vuﬂ‘ﬂ’]ﬁ‘Nms‘J’]ﬂﬂ'}'\ LL@y"ﬂ’]LLuﬂﬂW?NMﬁfJﬂﬂ’]ﬁ‘ﬁ‘uUﬂuﬁV}ﬂ‘ﬂ\‘i

Alutlszlam (Anuna é"mmﬂmmu WsBANNTEN) Lmzizqﬂ"iqmﬁmmuﬁimﬁ’] TARILLNLLIL
wenunauliiiiu 3 nguap wela (Pleasantness) tiwala (Unpleasantness) 1i5a Liunans

(Neutral) Hautngulvailindo asuwiailupisunideslfiiu s ansunfliun aynawu

(Joy) Tedmasl

a

Tinanaaenguesininela ugs 1@e4l3” (Sorrow) 1iga Tnes (Anger) Tungu

vaenguersunilinela ersunlfiudu (Surprise) @zmﬂumﬁumwtﬁWﬂstW'a‘@vLaJWﬂ"L@ﬁu

AUy ARANN 2R FA @5ﬁ‘ﬂﬂﬂqqﬁmq“3ﬂﬂ%‘/\iﬂﬁﬁ ﬁqmum:mum?mﬁﬁ wunaTNnd

o

a1190na11 14 335 18un n193tAziANANNUEAUAaUTatRANTUNUTNATR9AY N9

[

as1angauNIanutiinsesfinessyansuniliiiuAn e tulnedieBeainnauiynsy

1
a

o 4 [y v o 4:4‘4:4 1 c =
N1BIBING W LL@Z:Q@VI’]F;I ﬂ’i’]iﬁﬁgﬂLL‘]JU‘II@QMM’WI‘II@\?ﬁ’]sluﬂ??éiﬂﬂvmmﬂmﬂ@’]?mm ThaN

o

2EIALIRL ALALAIDEINIA

o

a2
dﬁ/
N LTI aNIE Tt

(1) This book is interesting. {uilszlam RUsenaufogAuINLaANTENBATUNN

arfigtununily S+V+C 1He S unulszsnu V. UNUAINEET WA C WNWAITEIEAIUIN
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3 ¥

FANNZEN ﬁllﬁﬂZLLuu’ﬂ’]@NﬂiﬂJ'ﬂ\iVT\‘lﬂitiﬂﬂ

[

A1N1TDAUINUNTUIING TBIANTNUAASD TN AITLIAN

! v
%

# Wi aunawu 1.0 amnsousndssleaduniiiaedn i
sz811: This (Neutral) book Tansuaiiflunans (Neutral)
nsen: is
ANTENEIATUIN: interesting THiaNsNnl auNaWIY 1.0

(2) A beautiful lady weeps. \lutlszlaanilsenaufoaAinsanasigluuuiilu S+v

A1N1I0AUINNTU SN esANuAAIan NIt LA TN A LAATLWWe TN T eaTisLlsz TR

$2
Y o A

1 wihdu @ela 1.0 anunsousndsslaadluviianangen 1 fsetl

L8

svau : A beauliful (Joy Q.7) Tatly Wwenund aunauu 0.7
f3e1: weeps ¥t uaiidgla 0.9
(3) A hateful€nemy Jdoses. Lz,lm_lﬁ\viﬂmwﬂim@umﬂmmmummﬂ IRASAISIAN!

SHV40 Aa Usesu nagfuagnasy mwmmuqmmiﬂmnmmmwmemiumﬂum
Hauualiay LLuummmmmmﬂa‘ﬁﬂﬂmmﬂu AHNEIL 0.7 anunsouanUsslAdlunding
209A1FF e T

d

178U : A hateful (Anger 0. 9} ehemy e1suni Tnes 0.9

n381: loses Mmmmma% 0 8
2l

\Tlusin f.

C. Strapparava LL@“’R Mlhalcea [14 jl,mLZQ‘LA@V]E]HQTLAM?QLﬂ?’]“’Wﬂ’lﬁ‘ﬂJﬂM’m

mﬂmqmumnmiwmmmﬂmmm‘lwmmmmu ImLLmﬂjymmmm@mwmamﬂu 6
ANFNUAINA (Universal 'Emotion) Vl,mm n9e (Anger), glziaeN (Disgust), nan (Fear),
dunduu (Joy), L5 (SBdness) AT ?iulﬁu (Surprise) An®N193ATIzianINal 2 Wiy
18wn mﬁmmzﬁmnﬁyugmmm?mmﬁﬁ (Khowledge-based) #28n17La8N3LATIZHAN
A nadiang Tmﬂéuqqﬂﬂﬁ?ﬁmﬂiziﬂﬁfﬂ@ﬂL‘ﬂuﬁﬁj HANTUNRIAUNFLIRIALLDIAGN9]
T TR Tt Ty et Rt e LAy (Synonym) uaz i Feielifaedsnislsziluna
waELL (WordNet lexicon, LSA, Naive Bayes) WUI135n1959dia3aainnauiynsy
WordNet ﬁlﬁmmmgﬂﬁmqqﬁqm WA msﬁm&mqmqwmaLLﬂqu@qﬁﬁﬁﬁﬂﬂwutﬁﬁiﬁm
3911 (LSA all emotion words) MiANANIZAN kAT ANNIITALIZANBAINALAN F-
Measure ﬁqqﬁlqm amuARnE LTI U ATl e NN vLA (Corpus-

based) faenaiaandnszidienanea] iiudannainuaenufia s Fe Ly

FeAT N9 N UNAN AL WA (SWAT, UA, UPAR7) W14138 UPAR7 11351013
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dszifinensuniannninsanaesdeninulinngs wesarniunisléngaesnisaiianimwlu
dszlaadinuiiansunfing wanainilgailendds [28] lugtuuuadiaiuntnauedsnig
RAUUNDITNUAITRATNAINNITNAITUIDITN N LA AT UTINAUTRIATUIN, AU
ANUNN,  AINIEN LAY ANTENEAINIEN  IAEUNALILULIRIAI NI LAY AN bEANN
wwmmmwmﬁmmmmﬁﬂm?miﬂmqﬁaﬂ@ﬂﬂﬂ LAY 91uAaE [21] PApzvilaagula
dl o 1 1 o dl e o v
NALLNTRLAA AN LAAIa171 0] UanALIATed 9492 e

C. Yang, K. H. Lin, a2 H. Cheni[16] utsdszinnetsunizasuaeniaeldimatinaes

a % dl % ac] dl [ % of oy asl v ] ] = dl
NN9EeLEuadLAseY fientiAsasdnalanimedatilatiu uas sundayautuguas1slRanla
(Conditional Random Field*ORF) lun1auiitzZiamassuynauvilaiuaisuniiieanil
ansunl Tnannsuiiaiu 2 aquvAtinauAenquinasIateNalluLan visanguLaniasnnl
Wuau wazuiiasalusgetin gl smwmu,mmqLLsmﬂiﬁﬂgﬂﬂiuﬂ@ummmmumﬂ Aay
Warsaunsiadniluliaaia@a (Hapby) mmuﬂamu (Joy) LLﬂv‘W]ﬂLL‘]_I\‘lﬂ’é\‘lLL‘j‘ﬂ‘ﬂﬁ"]ﬂ{]@EsLu

R HGRE I ﬂ@”wmimmmmﬂumm (Sad ) wi3alnasy(Angry) g 2107 5

\

d

Emotion®

Positive -;__JPJegative
Happy = Joy ~ Sad™ Angry

71U 5 msudenguaisuaiainnanvaniauLataseniuatsusidadmealfansuainanatiedniau

nsutidszinnensuniinluszaudstlan uavdssansiiluaisunizesiaunagiu
fnenseeniuLpnTinasa Ny 3 iRl

° - ) A o ] PR A
c1: NMUUADITHIULRILNAIKN anallselgaNanuiaLlssnnidq Adnnnan

q

° - P Ao | y A o 1 &
c2 : Muupensunisesunay fafilscTupndauslszinnude Baonentnesined
21310l N4n
c3 : MuupesNiIaILNAN Foatlsrlongarinuaasunaniy

T4 lapauaisunlifusadanisus@iansunizesunaaudliunannniaiudeys

1
Ay A

A nufan Taiwan's Yahoo Kimo Blog 714 lepauesunlifludenfidauufanionldiuunn

a

e Bauiat o umununisuanensnnes Al et IUALALN L ATATYE WU

ansnninfinandsslungafinaaesunaan armisnuanaununanAnigalunissingdu
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Ly ag/l a aa v 1 rd‘d F 4 '
213105189MIUNAN uaTNATAGE CRF lHinanisutistlsvinnensunindaaugniiasndn
ABLATANANIINABSATLIAYL

J. Yan, D. B. Bracewell, F. Ren, as S. Kuroiwa [1] @aq1 aneNaliatuniel

AR1AVAIUARZYAARAINLAANITILATRILIAREN LT AVINAUNAUIU (Joy)  ATNLAS)

(Sorrow) ANLDA (Respect) AANNLNAEATS (Hate) AANNSN (Love) BINITNINARLAY

o 6

ANgANAINAIatazeTLNafaEAIUIN (Noun) WAZAIAUANY (Adjective) 1890111 41
WMBNNIRINANAAaNTuARIRaN 128 3:R (Affective events) AzuARIANINIANFIHAINTEN

(Verb) Taaifine@eain HowNet Liumaninnadidadwsiaesan (Chinese lexical dictionary) #

'
o o X

83118 ANANT LS FEUANLUIAN, L 3ZUANAN AUAN T T2MIN9AANS TasTn
gninllgnegelunnsilszueananieasssuan A mulReanWordNet ﬁLﬂummﬁaﬂqw A
mmmumﬂmmmqLWfamwmmumummmmmmﬁwwLmum@miuum
mumammlunwmwmumﬂmmwmuumﬂiymwmium‘imL‘ﬂu 3 mumﬂ@mm
LT NCREG ﬂ@NVILﬂuVI’NL@@ﬂ ﬂfawmiwmiumﬂim (Fannnsfigndnyid “desired”
aunsnsuenlivise “undesied) VLummmmmm”Lm kazngui lauansansund ani

Tumaufiaas ﬂmmemiummrm@hﬂ"}ﬂfaqﬁ‘ﬁézﬁ’éwﬂgmﬁmmxﬁmqwmwmﬁﬁ
|'

"Jﬁﬂ’]ﬁ‘ﬂﬁ‘vmuﬂ’)’mﬂﬂﬁl@ﬁﬂﬁiﬂﬂﬂqﬁl"ﬁLLﬁ‘\i\‘l’]uﬂuﬂﬁ‘vLﬂJusﬁﬂWU’J’]VIﬂﬂ’mﬁ‘ﬁl’] (5,498
Ja

) Oﬂﬂ‘j“"LNuiﬁﬂﬂ[ﬂﬂ\‘l LL@”Dﬂﬂ?”LﬂWWQMNMUQW LS\I@LLE‘H‘]JLV]EIUN@TH?‘]J?”LN‘L&@’WNOA

4'—‘—
)

m@an'}w’m\mqwﬂumwwu §~I‘1_I’N ﬂ’WILLZQ mmiumumnm\mu mmummmmuﬁim

ﬂ?VLWMIMﬂW‘j‘ﬁW?Qﬂ')mﬂJﬂ\‘]LLGIZQJ]]‘LH]'W 1 ﬁﬂmmuumLﬂummnmmmmwmmm
ﬂ’]ﬁWVlLLW@Zﬂ’]NﬁQWNLLE]ﬂ[fl’]\‘lﬂu

A. J. Gill, D. GergleR. M. French, wag.d. Oberlander [2] 39an13 1Az uuua1snnl

ey

angaulaaiaviaeudanidagdengilsziinsb0-200 A Thiawedsn s liiaziuuanngay
Tneilinskaiefe uanmnsalidenanaunildunnndy. arsunlunzamaTaLdentnminges
arsunfiideldechipintntn afannasnaasladans T ansEiRn laigusauen
ansunfguivienaiteunally uwitlsslepaziilusaruusensuniagsusesumaan
16

C. Strapparava La% R. Mihalcea [17] Na1974 SaAuRARaTINAl T9N1TNATIEH
arsuafandeanuiigduuuiilufiviaula Wun naldaanas@ndinmsd  (sentiment
analysis) N9 MAauAaRasdqalun sas19ansunismn B (computer assisted creativity)

LAz NM19ILAIEAINAINIEINRKAseANNEAN luN1TuansanTNallunsL AR S TIdng
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3. MANDBRINA LG (Term Frequency: TF)
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WnaTIY 0.1538002 | ,1.0f.5o53é_‘6§ | -0.0538319 | -0.1084684 | 0.1769466
anvin 02131661 | /00918344, 02351346 | -0.2183179 | -0.1399145
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0.0195, 0.02375, 0, 0.095, 0.441, O]
aA’2 =[-0.5926964, -0.5053966, -0.3447682, -0.3175689, -0.1068364,

5773,—0. 1824577,

078921, 0, 0, 0, 0.091575,

5’4 =[0.11146 . ;0.8 : Y , 0.1219781, -0.1084684,
9338, 0.124729, 0, 0,

ds =[0.0189002, 04769466/ -0. 2479696, -0.4321880, -0.1000593, 0.1769466,
-0.1399145, -0.4430 26329,

_;--,.fwuf x ,
=

ﬁﬂLLﬁm“"ﬁﬁ‘ﬂﬂﬁ’ﬂNﬁ‘Uﬂ . Q?‘Vl

(3.5) fanuszyls asrailuge

iy aduiu Ui 2

dy=I -0.226865,
-0.2131651, 0.2778745, 0.5764801, 01.0.024549, 0.09338, 0.124729, 0, 0,

oorsefbloba £ abek oA weitl £ 1713

‘;12 =[-0.5926964, -0.5053968, -0.3447682,50.3175689, -0.1068364,

) fsoder b oded) Bhaoad/lo bl ¢4 0| £9.Bb 0.0, 0.0

02655, #ANET]

—0.709@91, -0.2144869, 0.1533002,

&3 =[-0.3449062, 0.0538319, 0.4760374, 0.4375773,-0.1824577,
-0.0538319, 0.2351346, 0.1222392, -0.2080315, 0.078921, 0, 0, 0, 0.091575,
0.319,0, 0, 0, 0, 0, 0, #NA"]
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0?4 =[0.1114663, -0.1084684, 0.8775234, -0.4453423, 0.1219781, -0.1084684,
-0.2183179, 0.1974145, -0.1481240, 0, 0.024549, 0.09338, 0.124729, 0, 0,
0.0195, 0.02375, 0, 0.095, 0.441, 0, #.A31]

5’5 =[0.0189002, 0.1769466, -0.2479696, -0.4321880, -0.1000593, 0.1769466,
-0.1399145, -0.4430985, -0.9326329, 0, 0, 0, 0, 0, 0, 0, 0, 0.138, 0, 0, 0, #In78]
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7 Weka Experiment Environment =1al =l
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Sarting (asc.) by
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4
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kernel : Poly

numFolds :

=

M’]ﬂ‘l’]ﬂ@’ﬂ\iﬂﬁ“].lﬂﬁ} 251919 2 119 10 LW‘ﬂ‘VI’Wﬂ’W\L‘V]NT"@N \

ko SEAESANENA W 2| 7]

[

NapfLNIIALUNATNDT

- At 1 LN@VI@I@@\‘I']JT'LIW\ k NFNariu @”‘Lummwmmmmmqnu Tuanuzh

q ﬁﬁﬂ@ﬂ‘?mﬂm’? R

437N k Huasia

YUIATBNTEUILANMNNE NazLT] ummuummmmmumwamﬂummmm

199A" 1

- Fuuum 2 dauuud 2 Tfinasianisliuen k ilasaannisszensldssunuy

o

AN T AN NAIRINN13UFUAN Kk Baladadnlilign

ANNTDLAAINANINAAA LAAIANT197 19



= a v = o ' =
M99 19 Nﬂﬂ'\i“ﬂﬂﬂﬂ\ﬂlﬁ‘ﬂﬂlﬂﬂuﬂ')']&lgﬂﬂﬂ\!LNﬂﬂi'ﬂﬂ"l k 9€UIN 2 24 10

UszaunndAn k FALLLA 1 FALLLA 2
2 38.60% 87.63%
3 38.53% 83.75%
4 51.87% 86.80%
5 53.47% 87.47%
6 86.54%
7 86.79%
8 86.72%
9 86.86%
10 86.60%

A o e . o A
LN’ﬂLLﬁJ‘ﬂUW\ﬂUﬂQ &) 3 Elm'JLLUUVI 1 LAZAILLUN 2

WudIAANAR SRR HAN A LN 740 e 2l LA Aananalumnaned 20

ANg1aN 20 wansneaauBaufisuAnNpnFedtinTs AueaniluuAszAaan TNl
ARIRADTNOT FLLUN 2
Tnsa 40%
UL UL 20%
nan : 6.7% 13.33%
i gﬁ' - ~ 71.40%
e N EYINE o
¥l NEITMS
Lﬁ?‘m 82% 91.20%
1 o Qs
FRTANN U NIV B | Bp7ro
q




51
UNN 5

asUnanisidauavdaiauanuy

5.1 #gUnan1siae

amidei] dauesuuunssuunansuaiandemnaunimine il 6 a1suniaina
T5un Tnes aezuaes nda Heouga 1A watalighianala Tasendunisiiaseinanumang
utlesAnunauazAnten ludsslin (AdgyuSadihiewnadndaes 2 My Tnesauuwd

4@' [ o a s 3 t:ll ] o dl A s
willEn13auun e N 53aegi R RN 18 LaNUR I AR d21s0 LLUUVI@@\‘II“]]?’]’]?‘]J?Z?E!T’]M

I
[

m'ﬁLmﬁzﬁmf]wmaLwhmmﬁﬂ@'ﬁﬁﬂﬂa*lﬂg@ﬁm’quﬁmzmummummmmlﬁm L

a

Uszgnaldiu 3 izLﬁﬂﬁ%ﬁﬁm%WLyz{ ipzeNAnanwedaiuayy uwaziuliingula e
= v & Y W = . = o % % Y P
nsnfFaLeuNaANSUAAN LTI« sauuinaadliiatangniiesligandidauuninig

v a = ac [ 1,“‘.“ -“ d 1 ;)i 1 = ac dl
‘ﬂ'N‘ﬂ\W’m?5L‘Llﬂ‘]_l'lﬁﬂ’]ﬁ“ﬂ:}tl,uﬂﬂl’ﬂdu’\@wL'Ll’s{ ._JVN@QQﬂQ’]??JLUEIUQﬁﬂW?ﬂu
¥ |

5.2 daiauauusdusunasiaane

Aa o da' [ o aTF d‘ 2 7&-‘:::' a c o

uAse Hlunsiduedatdun dvannds WA sias A umrineuelaaann ly

fapanunim Inaiies 150 faaauyindi avgaaas o ndwiiumndsy laaldiuscuu s
J"r‘ c o

= > -y . . = a o = A o |
L?ﬂugﬂ?giﬂﬁLWNLmﬂﬂﬁ @ﬂVNENvLNﬂ?’ﬂﬂﬂﬂﬂﬂﬁﬂqﬁﬂl:ﬂ?ﬂ'&"ﬁ AN HULNHRUNULULAN
[~ < |

o

L

] o "’-‘J.., o d'd ¥ d'dl' & 1 o o
ANNNUNIIFAN9T (Synenyms) wazA nRuHananlulseluan1= lne 1w AaeeA1R
A ATnsen Wudu Fetaunsaflulssisunaiunsnaziaasalills

g o o eal = o ) o a Y 4
UANAAD GINATDH AR NS NdFRanssu Ul wWmmndoniussuuaulfasi1ad
se@ninin Wi sruunmsutaddiemmnuiilui@es  (Text to  Speech) lunnsianfiniu

nﬂl o a ¥ v o a’dl dl 4 o Y %
ﬂ’]‘i‘_‘f’]VL‘WEI L‘W'ﬂﬂ’]?ﬂ?UIV]MLZQENELMZQ@ﬂﬂﬂﬂ\?ﬂﬂﬂ’]?ﬂm‘ﬂLﬂElQ“ﬂ’D\iﬂU‘ll’ﬂﬂQ’]Niﬂ



(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

518N15D19D 4

Yan, J., Bracewell, D.B., Ren, F. and Kuroiwa, S. The Creation of a Chinese Emotion

Ontology Based on HowNet. Journal of the International Association of

Engineers 16,1 (February 2008): 166-171.

Gill, AJ., Gergle, D., French, R.M. and Oberlander, J. Emotion Rating from Short

Blog. Proceedings of the ACM (Conference on Human Factors in Computing

Systems (CHI 2008), pp.1121-1124.Florence, Italy, 2008.

Jung, Y., Park, H., and Myaeng, S.‘ﬁi. A Hybrid Mood Classification Approach for

Blog Text. Proceedings of 9" Pacific Rim International Conference on Artificial

Intelligence, PRICAI" 2006: Tr‘bnds in_Artificial Intelligence, pp.1099-1103.

Guilin, China, 2006, e ¥

— -

Danisman, T., Alpkocak, /A Feeler: Emotion Classification of Text Using Vector

Space Model. Rroceedings ofj—d/r\IJSB 2008 Convention, Communication,

Interaction and” Social _I‘ntelliqéhﬂ-g ("Affective Language in Human and

Machine"), pp.53-59. Aberdeen. Uﬁ,’z@o&

Steidl, S., Leuvit, _I\/I., Batliner-As thh,-:E;i"'!a\;er Niemarm, H. OF ALL THINGS THE
MEASURE ES_MAN_AUIONLAILC_GLASSLE!QATTON OF EMOTIONS AND
INTER—LAéEL‘ER CONSISTENCY. Proceedings ’gf-ICASSP 2005, International

Conference "c.m Acoustics, Speech, and Signal Processing, pp.317-320.
Philadelphia; USA12005.
Kozareva, Z!, Navarro, B., Vazquez, S. and Montoyo A. UA-ZBSA: A Headline

Emotions€lasgsificationsthrougho Web, information.~Preceedings of the 4"

International Workshop on Semantic Evaluations, pp.334-337. Prague, Czech

Republic, 2007.
Deerwester, S., Dumais, S.T., Harshman, R. Indexing by Latent Semantic Analysis.

Journal of the American Society for Information Science 41 (September

1990): 391-407.

Strang, G. Introduction to linear algebra. Wellesley, MA : Wellesley-Cambridge

Press, 1998.



53

[9] Department of Computer Science, The University of Tennessee. Latent Semantic

Indexing [Online]. 2008. Available from : http://www.cs.utk.edu/~berry/Isi++
/node5.html [2010, February 22].
[10] Ding, C. A Probabilistic Model for Latent Semantic Indexing. Journal of the

American Society for Information Science 56, 6 (April 2005): 597-608.

[11] Cohen, W., Carnegie Mellon University. Text classification [Online]. 2007. Available

from : http://videolectures.net/mlas06_cohen_tc/ [2010, February 25].
[12] Thangthai, A. and Jaruskulchai, C. Impaci#Parameter on LSA Performance for Thai

Text Summarization. Kaset Vic_pakarn‘43, Bangkok, Thailand. 2004.

[13] Meknavin, S., Chareenpornsawat, P. and Kijsirikul, B. Feature-based Thai Word

Segmentationt Progéedings ofithe Natural Language Processing Pacific Rim
|
Symposium 1997LNLPRS‘97), pp.f}1—48. Phuket, Thailand. 1997.

[14] Strapparava, C., Mihalcea, R. Learnmg to |dentify Emetions in Text. Proceedings of

the 2008 ACM Svmoosnum wbn Applied Computing, Session: Natural

Language Processing and Speech Recognition, pp.1556-1560. Fortaleza,

Ceara, Brazil, 2008, -~ 2/

41" L .jJ
[15] Mishne, G. Experiments vvlth Mood Cla—T“oatlon in Blog Posts. Proceedings of the

1st Workshoo on Stvllst|c AnaIVS|s Of Text For, pp 626 558. Belgium, 2005.

[16] Yang, C., Lin, KH. and Chen, H. Emotion Classmcatgo_m Using Web Blog Corpora.
Proceedings 'of the TEEE/WIC/ACM International Conference on Web

Intelligence, pp.275-278. Washington, DC, USA, 2007.
[17] Strapparava, C.4 Mihalcea, R. Sem-Eval-2007 Task 14i Affective Text. Proceedings

of the 4th International Workshop on Semantic Evaluations,;pp.70-74. Prague,

Czech|Republic, 2007 .
[18] Yang, C., Lin, K.H. and Chen, H. Building Emotion Lexicon from Weblog Corpora.

Proceedings of the 45" Annual Meeting of the ACL on Interactive Poster and

Demonstration Sessions, International Conference on Computational

Linguistics, pp.133-136. Prague, Czech Republic, 2007.
[19] Sugimoto, F. and Masahide, Y. A Method for Classifying Emotion of Text Based on

Emotional Dictionaries for Emotional Reading. Proceedings of the 24" |ASTED




54

International Conference on Artificial Intelligence and Applications, pp.91-96.

Austria, 2006.
[20] Alm, C.O., Roth, D. and Sproat, R. Emotions from text: machine learning for text-

based emotion prediction. Proceedings of Human Language Technology

Conference and Conference on Empirical Methods in Natural Language

Processing (HLT/EMNLP), pp.347-354. lllinois, USA, 2005.

[21] Zhe, X. and Boucouvalas, A. Text to Emotion Engine for Real Time Internet

Communication. Proceedings of the.24ih IASTED International Conference on

Internet and Multimedia Svste_rps and.Applications, pp.164-168. UK, 2006.

[22] Lin, K.H., Yang, C..and"Chen, .H.H. Emaotion Classification of Online News Articles

From the Readers Perspectnie Proceedings of the 2008 IEEE/WIC/ACM

Internationals Conference on. Web [ntelligence and Intelligent Agent

Technology, prp220 -d USA 2—@08
[23] Carnegie Mellon University. Text Clefssmcatlon [Online]. 2008. Available from :

http://videolectuges. net/’m‘le’sOB cbhen _tc [2010, February 10].
$h
[24] Mitchell, T.M. Machine Learnlnq Slngapore McGraw Hill, 1997.

[25] Gill, AJ., French, R.M. Gergle_D and’@B‘erIander J. The Language of Emotion in
jl '- -
Short Blog Texts. Proceedlnqs of the ACI\/I Conference on_Computer

SuDDorted Coooeranve Work (CSCW._2008), pg299 302. San Diego, CA,

2008. i
[26] Charoenporn, T., Kreengkrai, C., Sornlerttamvanich, V., Isahara, H. and
Theeramunkong, ¢/ T. | Corpus-based | Dictionary ¢Development System.

Proceedings of the 4" Warkshop on Asia Language Resource, |[JCNLP-04,

pPP.47-53.'Sanya City, Hainan Island, China. 2004
[27] Lin, H., Yang, C. and Chen, H. What Emotions do News Articles Trigger in Their

Readers. Proceedings of the 30" Annual International ACM SIGIR Conference

on Research and Development in Information Retrieval, pp.733-734.

Amsterdam, The Netherlands. 2007.



55

[28] Leshed, G. and Kaye, J. Understanding How Bloggers Feel-Recognizing Affect in

Blog Posts. The CHI '06 Extended Abstracts on Human Factors in Computing

Systems, pp.1019-1024. Quebec, Canada. 2006.
[29] Yu, B. and Unsworth, J. An Evaluation of Text Classification Methods for Literary
Study. The Literary and Linguistic Computing 23(3), pp.327-343. USA. 2008.

[30] Jones, M.P. and Martin, J.H. Contextual Spelling Correction Using Latent Semantic

~ Conference on Applied Natural Language

Analysis. Proceedings of the

Processing, pp.166-

[31] Polpinij, J., Sibunruang; ‘ ﬁ)tthanom, A., Puangpronpitag, S.
| — -

Content-based«Probabilistic ‘ext\

Pornographic Web Filtering.

_Conference on Systems, Man, and

Proceedings#of |EFE International

Cybernetics#pp. / ipei, Taiv "

[32] Bacan, H., Pand . ~B. Auto 1;\ News Item Categorization.

Proceedings @
Artificial _Intellic ’
*

Computing, Unive ity, of:2
et

ence of the Japanese Society for

1256 ‘Faculty of Electrical Engineering and

[33] Sornlertlamvanich, V., Charoen 1. and Isahara, H. ORCHID: Thai Part-Of-

L
R A
Speech Tagged Corpus. Techn

i

Opchid TR-NECTEC-1997-001,

National Electronics and Com ‘?-.»E ter, pp.509-512. Thailand,

1997. E m
AuEINENINYINg
RIAINTIUNNIINYIAL




AULINYNTNYINS
ARIAATAUNING 1A Y



57

NARUIN N.

NAUANNNAINIUIRE

UNANNINATINNGERY “APPLYING LATENT SEMANTIC  ANALYSIS TO

a a a

CLASSIFY EMOTIONS IN THAI TEXT” Tae Teiann aunsiny uay gns dugnnyloy Tuau
UseauadnnisseauuIungnf “2010 The 2™ International Conference on Computer

Engineering and Technology (ICCE )" 990U 0 1HeNRn UssinAdnenInig

19N TUAY 7299951 16-18 8

AU INENTNYINS
RN TUUMINYAE



58

APPLYING LATENT SEMANTIC ANALYSIS TO CLASSIFY
EMOTIONS IN THAI TEXT

Piyatida Inrak

Department of Computer Engineering
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E-mail: piyatida.inrak@gmail.com

Abstract—With a rapid growth of the internet communication,
many types of text are produced. They can convey the meanings
that can contribute to text categorization. Emotion classification
also becomes more interesting, but emotion classification in Thai
text is still not able to be correctly classified. Thus, this paper
proposes a novel approach that takes advantagewof bi-words
occurrence to classify emotion hidden in a short sentence. dn this
paper, we classify Thai text into six basic_umiversalsemotions
including anger, disgust, fear, happiness, sadnessy’and#surprise
based on latent semantic analysis approach. We compared the
results between two models which construct features #rom ‘the
sentences and applied to three classification methodsy'i.e. Naive
Bayes, SVM, and Decision Tree. The first feature model uses only:
single word occurrence in the classification. The'second miodel
uses single word combined with bi-words oecurrence in the
classification. The results show that the second model can yield
higher accuracy than the first model based on the Naive.Bayes
classification method.

Keywords-Emotions in Text, Latent Semantic Analysis,
Affective Computing

1. INTRODUCTION

Sukree Sinthupinyo

Department of Computer Engineering
Faculty of Engineering, Chulalongkorn University
Bangkok, Thailand
E-mail: sukree@cp.eng.chula.ac.th

and sbi-words. Therefore basic ideas and assumptions of
using'bi-words to better indicate the emotion for the sentence
1s ‘propoesed because we believe that bi-words can capture

y more-feeling from the context rather than using single word.

The method of getting pair of words is also discussed in this
paper.
The rest of the paper is organized as follows. LSA is

| introduced in section II. Section III describes the basic of
lemotion classification and the text classification, and how to
apply the basic features to the Thai text. In Section IV, we
discuss the method to classify emotion in Thai text. Finally,
the experiment results and the conclusions are given in the
section V, respectively.

4

i

d) 1I. LATENT SEMANTIC ANALYSIS

'JjL__E\tept Semantic Analysis (LSA) is a powerful method
using statistics and linear algebra to extract the meaning of
words from text. The texts can be compared to measure how
similar they are to the others, resemble human judgments.
LSA represents the telationship between words and the text

An emotion is a mental state or'a +eeling that occurs passages in a high“dimensional matrix. Then apply to the

under subconscious of individual. Emotions are subjective
experiences, often associated with moed, temperament,
personality, and disposition [6]. Since emotions can naturally
occur to a person, they are uncontrollable and difficult to
manipulate and measure [1]. However, theresare many
experiments that pay attention to .emaotions, whether'to create
a dictionary of words with emotional property [6, 9, 10] or
emotions classification in music, fa¢ial movements, and hand
gesture [8] which are known to be classified by physical
characteristics and that'cannotibe used“to classify emotion in
text.

The motivation of thig research is that Thai text has never
been classified emotion using latent semantic analysis
before. There is no emotion dictionary for Thai words.
Essentially emotion in Thai text can be beneficial to
automatically match with appropriate tones in text to speech
system so that the communications convey greater realism.

We introduce latent semantic analysis (LSA) to perform
emotion classification on Thai text which can be collected
from the internet (emails, blogs, topics, boards). This paper
is aimed to focus on the comparison between two ideas to
classify emotions in Thai text by considering of single word

Singular Value Decomposition (SVD) method to transform
the text passage vector into the form of subspace. The result
can produce the semantic space, so that we can compute for
the semantic similarity of the text.

Lefs Singulaz
Vector

Right Singulaz

Eigenvector
documents o Vector

terms

____________

Figure 1. Mathematical representation of matrix A

Given a word-passage matrix 4, which represents the
correlation between each word to the whole set of text
collection; can be written in a form of equation as in (1).

A=USV" (1)



Where U and 77 are orthogonal matrices and S is a diagonal
matrix [12]. The decomposition of three matrices is called
singular value decomposition (SVD):

xX=usy! @

The appropriate k value is selected to reduce the matrix
dimension, in order to remove the noise from the semantic
space. The first k columns of matrix U are selected as Uj,.
The first k rows of matrix V7 are selected as V', and the k
factors of the diagonal elements are selected as Sy The
matrix X is considered to capture the most important
relationship between words and sentences [13].

| dimension reduction

7y

us.~.//s /

documents

terms

txd Txk

Figure 2. Mathematical representation of the/matrix

The semantic space denoted as matrix X can ‘be
interpreted using the Spearman’s Rank Correlation
Coefficient approach which is considered as the @ppropriate
method of ranking order with the relative judgments’ against
other similar objects [7]. The result value in the semantic
space is between -1 and 1 can be categorized..as .thrce
relationships: the value closed to -1 isuconsidered to be a
negative correlation, the value closed to Q'is considered to be
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III. BASIC FEATURES

To classify emotion in Thai text, there are 3 features need
to be considered.

(1) Thai Text: A sentence consists of words, while a word
can convey the emotion. Therefore to analyze the emotion in
text, the sentence is separated into a singular word. But in
Thai text, there are no spaces between words; instead spaces
in a Thai text indicate the end of a clause or sentence. So it
can cause more difficult on getting the appropriate word for
analysis. In the experiment, the SWATH (Smart Word
Analysis for THai) is used to perform the word segmentation
and. thespart of speech can be tagged in the given sentences
[14}

¥ |

(2) Term Frequency - Inverse Document Frequency (TF-
IDF).: The weight calculation for each word using TF-IDF
approach, to evaluate how important a word is to a sentence.

' The term frequency is the number of times which a given

‘term appears in the sentence.

> w, =, xlog ©

, Where

wij is the weight of term Ti in the sentence Sj,

tfijis.the frequency of term Ti in the sentence S ,

Nis the number of sentences, and

nj is th the number of sentences that term 7i appears in at least
once

This count is ysually normalized to prevent a bias
towards longer sentences. The inverse document frequency

no linear correlation, and the value close(f to +1 1s considered
to be a positive correlation.

In order to create the training features we compute the
semantic vector for each document which ean be represented
in a vector by using Equation (3). Each document contains
the semantic elements feature which,can be mapped_to the
emotion labeled from the readersf[14]

d=d"U,S; €

Moreover, when a new set of words need to be appended
to the existing semantic space, they can represent a weighted
sum vectors for documents that words appear as in (4).

=tV S, )

Once a new semantic vector / of words is folded-in, the
semantic space can be recomputed to get the new value of
document vector that can be mapped to the emotion labeled
as well.

is to measure the general importance of the term. Therefore a
high weight in TF-IDF is reached by a high term frequency
and a low document frequency of the term in the whole set
of sentences.

3) Text Classification: In our experiment we focus on
both nouns‘and verbs to ‘extract the affective words from the
sentences. A _large semantic space has been produced from
the section of latent semantic analysis. We need to break data
into 10 sets and perform gthe standard 10-fold cross
validation/~Oneround #of erossyvalidation performs the
analysis' on. each training subset.” 'We train nine sets of
semantic spaces, and test onc remaining set. Then, the test
process is repeated ten times on each subset. Hence, all
subsets can be tested by using the remaining nine subsets as
the training set.

Even though, Naive Bayes and SVM are proved to be the
most appropriate classifier in English text classification [9].
In our experiment, we compared the result from three
methods including Naive Bayes, SVM, and Decision Tree to
find the most appropriate classifier for Thai text. In our
experiment, we employ Weka as a tool to train and test
different machine learning algorithms [15].



(4) Emotion Classification: The emotion detection in
texts becomes more interesting and important in the field of
computational linguistics. In fact, emotions can be
considered in an affective analysis which can be contributed
to sentiment analysis, computer assisted creativity, and
verbal expressivity in human computer interaction [4]. In this
paper, we map the semantic document vector into six basic
universal emotions including anger, disgust, fear, happiness,
sadness, and surprise [11]. The part of speech is one of the
useful factors that help on filtering the unemotional words.
Some papers support the idea that nouns can effectively
convey the emotion, while Verbs can represent the affective
events in the sentences. [5, 6]

Thai Text Collection

Reader Rating

v
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I
[}
g
]
i
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]
]
]
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IV. METHODOLOGY

In our research, we propose the algorithm to classify
emotions in Thai text, which consists of four main steps: (1)
Collecting Thai Text (2) Performing LSA (3) Mapping
Words and Emotions and (4) Classifying Emotion. Besides,
the two different models of using only single word and the
single word combined with bi-word have been introduced
and can be shown in Fig. 3.

A. Collecting Thai Text

1) At first, we collect 200 Thai texts from the internet
including emails, blogs, topics, and boards. The natural
language is.simply used in the source of text, all emoticons

and typographical symbols are ignored.
-

|t Test Training
By L 3 Set s
2=
T-' J':"!. Word Filtering
i —F. ¥ (only Verbs & Nouns)
o |

— |+ -1 Bi-Words

—— - Adding sis

‘l . el o
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Figure 3. The system overview of two proposed algorithms to classify emotion in Thai Text based on Latent Semantic Analysis.
(a) Model #1 Single Word Method (b) Model #2 Single Word combined with Bi-Words Method



2) Then 10 readers are asked to label the best emotion that
can be exposed from the text.

3) SWATH is used to separate Thai words and assign the
part of speech in Fig. 4, since the Thai writing style is
usually written without boundaries.

4) The words filtering is performed by selecting only
nouns and verbs indicated in the part of speech tagged that
start with N and V [14] in Fig. 4. which have been proved
that they contribute the affected words.

A @ CMTRANEN O @ CMIEAEPREL v@VACTISIEPPRS)
VU@ VSTA I.'I-‘.ﬂau@.TC:\IPYﬂu@)&_\'B.EII.EIIJ@VACTI.iL@‘fETA'
sauENCMLHa@NCMI) 15 @PPRS bt E VACT
HusuEVACT LUEBNEGIvE rua@VACT| fasgiViDiuay
|.|.ﬁ@\'.-‘sCIw@‘JSIA-i:uu@‘JST.-‘sTu@RPREﬁa@Nﬂ.EC,
BUENCNET

Figure 4. The output of Thai words segmen-tation from program SWATH

B. Performing LSA
The affected words is now prepared in'a form of Bag of

Words (BOW).

1) We count all the appearances of words and create the
matrix between words and sentences.
Performing TF-IDF for each word in the mafrix. .
Applying SVD algorithm to the occurrence matrix-of
words in the sentences. We then get the resultsof
semantic space that represents the semantic value- of
correlation between words and sentences. v

2)
3)

C. Mapping Words-Emotions

1) In the semantic space, we cal ate the semantic
vector for each sentence using Equatlon 3).

2) Each sentence can be mapped to the emotion with
maximum labeled from the readers.”

3) The set of semantic vectors and emotion tagged is

used as the training set. Thisjcan be the“inputtosthe
next step of classification method.,

D. Classifying Emotion

From the previous step, the training sets.contain.semantic
values of words and emations are ready.*In this experiment,
we apply the standard 10-fold cross' validation to. test the
dataset using Naive Bayes, SVM and Decision Tree
algorithm.

E. Two Models Definitions

We introduced two models of classification. The first
model uses only single word and the second model uses the
single word combined with bi-word.

Model #1: Single Word Method

Each document vector is computed from document
representation, dj = [wjl, wj2, ..., wj489] which contains the
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elements of single word semantic values. After mapping
emotion labeled to the sentences, the set of semantic values
and emotion becomes the training set of the system.

d=[w,,W.,,.,w,,#emotion]

Model #2: Single Word combined with Bi-Words Method

Bi-word is made from two individual words that appear
in the sentence. The sequence of them can be ignored. This
simple idea directly exposes bi-word to capture more
contextual semantic of both nouns and verbs in the
sentences. Bi-words are counted and computed for maximum
probability in which emotion that they can contribute to the
whelc.training set as in (6). Let W1 and W2 are bi-word with

. conditionally independent [17] given emotions E.

P, W, |e;)=Ple,)P(W, |e,)PW,|e;) (6)

\

| Here we get the updated semantic space that can
represent a weighted sum vectors for documents that bi-
words appear in Fig. 5.

%ﬂe 5 Mathematical representation of folding in bi-words to the
existing semantic space

o
s,-a. ' by

-

Once a new semantic vector of bi-words is folded-in, the

‘beirecomputed to get the new document

vector dj = [wjl, W]2 ..., wj5188] that can be mapped to the

emotion labeled from the readers as same as practices with
single words.

V.EXPERIMENTAL RESULTS

A§ [déscribed insprevious section, our experiment setting
presents 'the comparison ;between two methods of word-
emotion relationship. The first model is to classify text using
single word, and the second model is to classify text using
single..word combined with.bi-words. The percentage of
aceuracy obtained from the proposed models and classifiers
are ‘presented in ‘table 1." The' result indicates that Naive
Bayes yielded the highest accuracy in emotion classification

upon the two models.

TABLE 1. PERCENTAGE OF ACCURACY IN EMOTION CLASSIFICATION
. Single Word Single Word + Bi Words
Classifier Model Model
Decision Tree 48.9038 % 84.6667 %
SVM 50.6667 % 87.3333 %
Naive Bayes 62.6667 % 90 %




Therefore, we focus on improving the classification

method using Naive Bayes, and continue on different k-rank
to find the appropriate model of classification. The results of
accuracy against different k-rank are shown in Table II.

TABLE II. PERCENTAGE OF ACCURACY IN DIFFERENT K-RANK
kerank Single Word Single Word + Bi Words
Model Model
2 52.6667 % 91.3333 %
5 62.6667 % 90 %
10 33.3333 % 74 %

VI. CONCLUSIONS

The proposed models of emotion classification”insThai

text in this paper can classify Thai textsinto six .basic
universal emotions including anger, disgust, fear, happiness,

sadness, and surprise based on latent semantic analysis of

nouns and verbs in the sentences. We compated the vesults

between two models,
combined with bi-word. This can extractthe emotion from’

i.e. single word and sidglg’ word

the sentences which are then compared with the result
labelled by the readers.

In summary, the experimental results show the second

model can yield more accuracy than the first model.

Moreoever,

Naive Bayes method is proved in  our

experiment that it is the best classifier comparing to SVM
and Decision Tree for emotion classification in Thai text:"
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No. POS Description Example
1 NPRP Proper noun Aulaad 95, Talsun, T8N, wezaniing
2 NCNM Cardinal number ‘Mﬁ\‘}, a489, AN, 1,2, 3
3 NONM Ordinal number ‘7;‘1/11%\1, “7;@@4, ﬁmu, ‘1‘7{1, ‘1‘7{2, ;7]'3
4 NLBL Label noun 1,2,3,4,n,1a,b
5 NCMN Commen‘noun wilsda, 21113, 81ANS, AU
6 NTTL Title_ peun AT, WALAN
7 PPRS Persoaaf‘bronoun ]l AR, 110, AU
8 PDMN Demonsifative'pronoun - b d, liu, ‘7;11%14, ﬁd
9 PNTR Interfogative pionaun TI" s, 8213, asindls
10 | PREL Relatidprodour’ . } " 17{, %\1, a4, §

11 | VACT Active verb N9, Fa9INaY, A

12 | VSTA Stative Verb , ¥R Wiy, 3, A

13 VATT Attributive verb d et M #9u, A, @28l

14 XVBM Pre-verb auxiliary, t.)eﬁ)re negato‘_r}-__::i’”-l : Nl NeL, NNad

15 | XVAM Pre-verb auxil-iar;, after negator-“’iﬂ” - AR, W, 14

16 | XVMM Pic-ver, before or atter negator “il | A93, a2, A

17 | XVBB Pre-verb auxiliary, in imperative mood ﬂ‘;mﬁ,—;i, Wy, at,

18 | XVAE Post-verb auxiliary Talan,

19 DDAN Definite determiner, after noun without f‘L, liu, T, ‘ﬁ%wm]
classifier in between

20 DDAC Definite determiner, allowing classifier in 'f‘:, lfu, I‘i’iu, i’;lu
between

21 DDBQ Definite determiner, between noun and 'VTDJ, an, e
classifier or preceding quantitative
expression

22 DDAQ Definite determiner, following quantitative ‘W'aa, Bou
expression

23 DIAC Indefinite determiner, following noun; Vlﬁ/m, ﬁlu, Lﬂ"]\‘i‘]
allowing classifier in between

24 DIBQ Indefinite determiner, between noun and 119, Ugzuno, nay
classifier or preceding quantitative
expression
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25 DIAQ Indefinite determiner, following quantitative | N4, LA
expression
26 DCNM Determiner, cardinal number expression ﬁqﬂu, e 2 50
27 DONM Determiner, ordinal number expression ‘ﬁluﬁx‘l, 'ﬁlﬂ’a\‘l, ﬁqmﬁw
28 | ADVN Adverb with normal form i, 39, 47, asiniaae
29 | ADVI Adverb with iterative form 139°), tane, 1]
30 |[ADvVP Adverb with prefixed form Tneida
31 | ADVS Sentential adverb TnenIng, a99:m0
32 |[CNIT Unit classifier Fia, AL, LAY
33 |CLTV Collective classifier A, NAN, B9, 19, 119, F, wuy, 1
34 CMTR Measurement classifier ﬁ‘ﬂ@m%u, LLﬁQ, ‘ﬁl/ﬁm
35 CFQC Frequency classifier | A3, L“‘?‘llm
36 CVBL Verbal Classiiier qau, O
37 | JCRG Coordfhéﬂpg"&onjunction Iiyl UAZ, vi3a, us
38 | JCMP Comparative' conjuncion J N4, wiewiy, windu
39 |[JsBR Subordifating cahjdnction Wanzdn, iedann, 71, udidn, 1
40 | RPRE Prépositigh \ ¢ 971, Az, 789, W, Uu
41 | INT InterjgBtiony plada 148,13, 100, 1d, 0
42 | FIXN Nominal prefix 2 N 00911974, AYIHAUNAUIY
43 FIXV Adverbial prefix <44 ¥/ - 2814159
44 EAFF Ending for affirrﬁf‘ﬂ‘-ti\'/_e'_s'entencei-"':-_j-fI Ay, Ay, Ay, AFU, Uz, U1, ey
45 EITT Ending for intf_etr_c_)gath:/e senteane?*‘j:,_‘;.;_-_, vza, e, Tuy, :ﬂzﬂ
46 | NEG Negator Tadp 215, 114, &
47 |PUNC PUotuation Y
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