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Since social media has become part of our daily lives, it has posted some
direct effect on computer technologies. This includes the classification of
emotions from text. Specifically in Thai language, the trend in writing in social
media has changed enormously. Therefore, this thesis proposes a means to
improve term selection and term weighting by adding “owner-reader” matching
algorithm to the Term Frequency and Delta-Chi Square supervised term weighting
method. In our experiment, we compared our approach with the original Chi-
Square method and found that our approach outperformed the baseline at

88.79% to 80.83% when tested on 3,390 documents from social network.
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2. npuiuazuiseiineadas

2.1. wqwﬁuazumﬁﬂﬁﬁm%’m

mAfeinguififetouteendu nsuwsssianersual, msfasnuilng, ms
WANAYDINSIANIILAUTENINAT fU 0150aI89T0AN, NSAUINAIALLULLAAUBIAN
wuulaa-uads, nMsaisuuiaesUiginnmes, MR mTnves nsadisluna
HnE waz MsduunUseianvesteya

2.1.1. nMsuusUseinnasual
TuransaudFeneuun Fanunerenulunisusiinfivsuanansualues
el a X ax ) & v ¢
wywdNiAnvuluva1e3Ens [19] way vidlutufe nsuanseenyagUnivesyLd
(Facial Expressions) [20] Tuswddedl nsuvsUssianensuallaensdsain Paul
Ekman [9] #aemanuduiusseninn1suanieanneaguntiunswaniensuali
Aeduvesuywd  [21] Hawnsouvseenilunnensualdmeiu lun $15s, nd7
, Usenanaha, vaela, Sanea way 1nss

2.1.2. MsanAIn1E ne

dlosndnvasdemluniwilve  fdnvasnsdoumeiisnusrsesd
Aafuetheaidos [11] daiunisinsneinedaduiglissuvamsoinses
ﬁ'}ﬁaguu%mmﬁ?ﬂﬁ Tunddeiladenldlusunsy  Tlex (Thai  Lexeme
Analyser) [12] Tngldane3fiunountuusausuneuilas (Conditional Random
Fields) [22] Tunsinsluyadeyauugiudeya InterBEST 2009 [12] uaz AnaNWLY
(Feature) Mdlunsdind Al nsnaNnauveInudnualz (Combined Feature) [23]
Fausgnoudie fdnws (Chan) fu ¥iavewdnys (Char-Type) TueuAdofinn
[12) Tinannuusiugregi 93.63% dwlunuddeld Tiuannuusiugegs 96.53%
AILERINITIE 2.1-2.2
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o

AITNA 2.1 ANTNUARIIINIUNTARAITIQNEDY, MgNFBY kardUIUNITARAMNIVNA

Y

$mnundy Antdulosifus
SMAUMSHAAT Taviue 26,828 100.00 %
FIUIUNITHAA ﬁgﬂé’ad 25,898 96.53 %
UIUNITAAAN ﬁiﬁgﬂéfm 930 3.47 %




1591 2.2 msssansuIunsiadnligndes wag anveidadlignses

Y

awvmiidadn | S1uau | Aoy F9814
Lyigneas AT %
ANARN 114 | 0.425 | 9jmwfun| 50| [U] [we|dnnis|bias)insdiyl

%

fdowmsAndu | 57 0.212 | udd|vegejveu)dulau|az|uaninselny|
%

aAnldanysal | 267 | 0.995 | ewudflelavisiubjunlaugniiuis|
%

1dlufnou 492 | 1.834 | vouRaa3ulwEonldFeluddll| 1AL A
%

2.1.3. MIMIANUBVBINSRATINAUTEINIeAT AU ansuaivasdaniny

AMTMANNATINSRNTINAUSENINA fU 1suaivestenm [13] 1Wunns
mmmauwuavmwm U 815Ulve BRI Imamiuummﬁiumﬂﬁmummﬂu
Tudenutiy Feanunsouansnuduiusioununmu-seseed [24] Fnwd
2.1

U

Term (T) Emotion (E)

n(T;, Ex)

ANA 2.1 WRUNTWIUY - DRULADS
LAAIAMUAUNUTIENINAT AU DI5UAIUUTDAINN

n(T,E) o swiuvesternuildd juaz Wuensusidl k

n(T,E,)  fe swiuvestermnuiidil juas liiduoisualdl k

n(T,, Ey) fio Srunuvesternaliifidi j uay (Huersuaid k
fg

n(T;, Ex)

o A

[ v 1 & ¢
uuvestenuliidf j uas Lildueisuald k



2.1.4. NMISATUIUALRAYATHUUVIIALUULAAA-bAFLADS

NFMAIALHUUTDIAT AD NTEUIUNIIUIANAIINA W58 ANLEINITAtUNIT
usnuerUssnnensuaivudery Ssmazuuuvesiiianumud mneds fduls)
fanuanansalunisienuezUssnnetsual widnAAzwuuraIrdiAliilugug
gl AduaziianuaunsalunsusnuesUssnnensunl - ANAIALLLYTDIR
oswnluamiided FitusngTuunsiiidnuaznnsunngiulunnensualuy
Foru fulunuided Fddhaueisnmslfasuuuresuuunadi-laauas
ansnsateuitgmundiiidnuagsunngdulunneisuaiuutenuls Snveds
thuwAndanarndszgndldifumsliimnuesd  lelidanesfiudununlunis
dndenmislihminvesiuudonny Tnskunsfimesinad

NNSAUIUAIALUUUYDIATLUUAAA-IAELAIS [4] USenaumiey 2 @ A
msalaaas U nsiwasaad 1) asemwiadleauas Wumsauaulag
NIFINAUUNNTBIANNBATERDAU (The lack of independence) [13] 5¥®INAN
fU esualvesdany Mamuaun1sfi 1 waz 2) msiwanaad Wunseunalag
mMyinanudnuuzianzvesiidieesusivesdonm  sensiariauLAnes
sewine n(T;, E) x (T, Ee) iu n(T;, Be) x n(T), Ex) (8] famamnisil 2
way 3

N x [n(T;, Ey) X (T, B) = n(T;, B) xn(T, E)]” (1)
n(T;) x n(T)) x n(Ex) x n(Ey)

Score y,(Tj, Ex) =

Score s_y, (T], Ek) (2)
_ 8 x N x [n(T;, E) x n(T, Ex)) = n(T;, Be) x n(T,, Ex)|
B n(T;) x n(T)) x n(Ex) x n(Ey)
o[t DB AR BB 820
0 (T B) X (T, ) — n(T,F) x (T, B) <0

7 Score(T;, A9 ANAZLUUYBIANA | AU 815N k
[ T, Ey) f j
) Ao ALAARI TAWINAU 1 %138 0
N e IuutenuuuteyaYARNNY

n(T;), n(T)) fe Swuvesdennuiidd j uas lilid9 j
n(Ey), n(Ey) fie s1uvestonnuduonsualf k way llueisuainl k



n(T,E) o dnnwesdennudmi j  waz Wuensualdl k
n(T,Ey) o dwnwesfennudii j  waz ldiduersualil k
n(T, Ex) Ao Swvestomulifidn? juay WJuesuain k

n(T, Ex) Ao Snwvestenuldlifi j uae ldiduensualn k
INAITATUIUAT Score 5_y;(T;, Ex,) uAazA T; aloAn

Score 5_y,(T;, Ex) 313U 6 A1 91Usennensualvesdaniny n1smauuureea
luaideilagldnsmanadowuuiiuminvesdn Score s_y,(T;, Ey) [13] famu
aun1si 4

K
Score gperage(T;) = Z{P(Ek) x Score 5_y; (T}, Ex)} (4)
=1

Tned Score gperage(Tj)  F® ANAZLLLRAEVDIAT
Score 5_y,(T;, Ex) i ANAZLULTBIRT j U 015Ul k
P(E) Ao Anuthandudeninurzifuesuaiil k
¢ D IMUIUUTELANDITUN VUTBAINY

2.1.5. M3afasuuInaesiginnnes

mMsasuuuiaesliginnmes Ao nszurumswlasternunwivedy
WUUINaeUsinnmes [25] FUINNTASINTAVDIAT whagAMNwEA (t;) Wnu
AndnuaizAuudeyatRniy S1uau M M fsuaunnsi 5

T == {T1!T2)T3!"'ITM} (5)
logn T Ao lynvaiULTayayArnduy
T; AD ANAIAUN
M A9 TIUIUA

PNUUVINNTATITRVIT0AN (D) whaztonu (d;) willsiazdoniy
vudayayainady §1uu N oAy sanuaunisi 6

D = {dll dz, d3,...,dN} (6)
lagfi D B LURYBITEALUUTDLAYARNNY

d; AD VOAUAINUN i
N Ao INUIUTDAINU



PNWAVDITOAN (D) wsazton i (d;) %Qmmauﬂunmma% &4
Usgnoumeaminuesdn  (w;;) 38 13endn “Bag-of-Words” [26] famu
Aunnsn 7

d; = (W1, Wig, Wiz, ..., W) (")
lowdl  d; D NMSUBIVOAINT i

wi;  Ae ANIvnYed? j uuteadud i

PNINNBIVDIWEANN (d;) Beusznaumeardminues (w;;) waunse
asuunaeaUigiinnmes [25] lnfwuaunisi 8

d, Wi W, Wi Wi
2 Wor  Wo, W W
d, | Wap W, W Wy
= (8)
| d; Wi Wi Wy e Wi |
lnen  d; A ToANAIAUN
wi; e AN wlinvesdn j uudeaiud i

2.1.6. NMSATUIUATUINUNVBIAT

msfumanninuesh Ao nszununsldanminfumidandnue
Wwngiuensual ¥3e IanuausalunIsuenkesUssinmansualuuteny [5] N3
Tianimiinvessasgniinnsaneendu 3 dw fo dwmnudvesdr  (Term
Frequency, tf) [27], @unsmuauuunaii-laauals (Delta-Chi Square, 8-x2)
[4] uag duntsinuamimdnlveguuussvinguieatu (Normalization) [5]



duANdveA (Term Frequency, tf) [27] Ae n1sHuAIILDBIAN
Usingluusiaztaninu damuaunisi 9

tf =n )

gl n Ap ANUDYBIANUIINg luksaztonIy

dunmsmulLuunad-laauals (Delta-Chi Square, 8-x2) [4] Ain A15iA
ANNUNNTBIANBATEADAU (The lack of independence) SeieA1 AU 91510l
vestery  war  msinaudnuazlanzyesiitreesunivestony  Fan
aun1sf 10 uay 11

Ws—x2(Tj, Ex)
5x N x [ ) x (T D) — (1, B) <n(@E)] 1O
B n(T;) x n(T}) x n(Ex) x n(Ey)

5 { L n(T, Ex) x (T, Ex) — n(T, E) x (T, E) >0 (11)
Lo, (T, E) xn(T, Ee) — n(T;, Ei) x n(T, Ex) < 0

el Wi s-y2 Ao AUmITNUeIAT NgNAUINLUUAAA-LAARATS
) A9 AAART UAWYINAU 1 %39 0

Ao FuuteANUUUTRYAYARNNY
n(T,),n(T) fe Swuvestoruimi juay lifidd |
n(Ey),n(Ey) fe Suuvesdonnudueisuald k wavliluesualdl k

n(T,E,)  fe swiuvesternuiidil j uas Wuensualil k
n(T,E) o swuvesdernuilid juas liluensusiil k
n(T,, Ey) fio Sruruvesdennalaifidnd j uaz WWuensuaidl k
n(T,, Ey) fio Sruuvestorwilaifidind j uas lifuesualil k

NEILANATEIRT FU drumsAuinLuUmadi-laanans azansaad
ammsmﬂmmummmmmﬁmimmmmmmmm AU AAR-bARLADS
(Delta-Chi Square, §-x2) FamuENnTST 12

Wtf.(?—xz
8 x N x [n(T;, B) x (T, ) = (T, B) x (T, B)]”  (12)
n(T;) x n(T}) x n(Ey) x n(Ey)

=tf X
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drunsAuAnvn e uuussvingukeniu (Normalization) fie N3
YSuanhmidnlidenuwindeudy  [5] vuksasterny  tuauddedladenlads
Cosine Normalization SeNENN1ST 13
W(dyt;)
Jz;?;l[WZ(di.t,o]

Whnormatizea (di tj) =

(13)

1099 Wyormatized 9 mﬂ{mﬁﬂﬁgﬂﬁﬁmmagjuuusiﬁﬂgmtﬁznﬁ’u
w AD AN
A v Y] o A
d; tj AD VBAINUN i NU AN j

Tudrusall ALUENIAI9E19NITAIUIUANUNIMINVDIAT LWUUAUDVDIAT U
was-leanads Niauslunuided

f9g19T0AU:
“ann | o | wei | 9 | T |l [ owene | wge | ] des | LU | Tse | Beu |

9715UalUUTA21U (AINNI5INIAVDIDIENENAT):
“dula”

MsAUINANTNYeI wuuALdves fU wadn-laaunisasutenis
fumeonluauduneundn fo 1) Amudves 2) Awesleaumd uas
3) ANUDILAARN

duusn  aanudvesd  agvhnistusiuautesdity  fiusinguunils
YANUAIFNNIT 9 INAIDY1TEANILLAIN

tfeen) =1,  tf(9) =2, tf (wel) = 1, tf () =1,
tf (o) =1, tfmse) =1,  tf(ws) =1, tf (ﬁw) =1,
tf(see) =1, tf(lW)=1, tf(ls9) =1,  ¢f(Few) =1

GRNIGON ANURIlAALAS ALYINNTINANUUANT DIANUDATEABNU

'
=

(The lack of independence) $2#i19AT AU D1TNAVDIVDAY AIANATT (10) &
ABUNVLANUIUAIULABININTAUNAINUDVDINITANTIUAUTEMINGAT AU DISUMIVDY
YA LFUNBUAINITIE 2.3



A15197 2.3 AN ILEAIAINNDYDINTITANSIWAUTENINGA NU DISUAIYDITBAINY

11

2 _ 2
n(T;, Ex) e | & | [n(T,E) e | &
S| 2] | 2| 3 S| 8¢ | 8| &
(e a(G 770 w (o ;(G = LA
sl < u—-(; < e = sl < b_-(‘: [eu e >
Tad 11 185 35 108 71 52 T 1,223 | 1,049 | 1,199 | 1,126 | 1,163 | 1,182
280 28 26 7 9 7 281N 166 | 168 | 187 | 185 | 187 | 187
11 16 52 9 356 16 6 11 569 | 533 | 576 | 229 | 569 | 579
A&7 0 0 3 441 1 0 Ge 530 | 530 | 527 89 529 | 530
\ae 69 53 29 107 27 24 LAY 575 | 591 | 615 | 537 | 617 | 620
170 93 40 12 126 16 10 170 360 | 413 | 441 | 327 | 437 | 443
i 27 29 26 68 20 34 5] 484 | 482 | 485 | 443 | 491 | 477
@ @
— r@" AW WY G_@n
n(T), Ex) - c | & n(T), Ex) - c | &
v > = - = 5 7 D & < = 2
EXes —0 o Eles - e
-t % 5 c s~ 2 i~ < S c s~ =)
Tad 825 | 585 | 435 | 1,055 | 323 | 473 ad 7,094 | 7,334 | 7,484 | 6,864 | 7,596 | 7,446
2870 808 | 744 | 463 | 1,154 | 387 | 518 287N 8,151 | 8,215 | 8,496 | 7,805 | 8,572 | 8,441
11 820 | 718 | 461 | 807 | 378 | 519 11 7,748 | 7,850 | 8,107 | 7,761 | 8,190 | 8,049
A& 836 | 770 | 467 | 722 | 393 | 525 N 7,787 | 7,853 | 8,156 | 7,901 | 8,230 | 8,098
\ae 767 | 717 | 441 | 1,056 | 367 | 501 LAY 7,742 | 7,792 | 8,068 | 7,453 | 8,142 | 8,008
170 743 | 730 | 458 | 1,037 | 378 | 515 170 7,957 | 7,970 | 8,242 | 7,663 | 8,322 | 8,185
i 809 | 741 | 444 | 1,095 | 374 | 491 0y 7,833 | 7,901 | 8,198 | 7,547 | 8,268 | 8,151

INANSN 2.3 WBNINTUIAIUDVDINITANTIUAUTEIINGUBIAT “BDIn” AU

a1sunl “id@ela” aglaan

n(oen, dela)

n (@EJ’]ﬂ, Lﬁsﬂ,a)

n(gg7m, dela)

n (@EJ’]ﬂ, Lﬁsﬂ,a)

26
168
744

8,215
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[

Nduazasaman n(een), n(@n), n(\deld) uas n (L?{Eﬂ,a) Iopiadl

n(een) = n(ewmn,d@dla) + n(amﬂ,m) = 26 + 168 = 194
n@em) = n(eom,ddla) + n(m,M) = 744 4+ 8215 = 8959
n(i@ela) = n(evndla) + n(amdle) = 26 + 744 = 770
n(@h) = n(eenidle) + n(eomidele) = 168 + 8215 = 8383

Puudeanuiifiannmsugsenidivesdeny v Lildidves
Tory vudeyayarnadu(N) wiriu 9,153 eunueiluaunis (10) agladvaslaa
WAS I

Wy, (ee1n, \dela)

A [ 2
N x [n(amﬂ, dela) xn (amﬂ, Laaﬂf\]) —n (amﬂ, Laaf[,f\]) x n(@gm, Laefl,a])]

n(ee1n) x n(@om) x n(1dela) x n (%)

9,153 x [26 x 8,215 — 168 X 744]*
- 194 x 8,959 x 770 X 8,383

= 6.404

druiau Aveaman WunisewnlaensinnuanvusanzvosA il
AoensunlveslonIny memMTinmANNuAnaesening n(T;, E;) X n(T), Ey) i
n(T;, E) x n(T), Ex ) fmuaunsi 11

= {l MEE G E) DR xnEE) >0y
Lo, (1B x (T, E) ~n(T, B) x (T, E) <0

dlefiansandsenined “een” fu esual “dele” agldh

n(T;, Ex) X n(T, Ex) = n(ee1n,1dela) x n (W, Lﬁsﬂﬂ) = 26 X 8215 = 213,590
n(T,E) xn(T,Ex) =n (EJEJ’]ﬂ, Lﬁsﬂﬁl) x n(@87n, \d@ela) = 168 X 744 = 124,992

wnudn 213,590 — 124,992 > 0 w3e n(T;, Ey) x n(T}, E) — n(T}, Ex) ¥
n(T,Ex) >0

Fefuazidingd 6 = 1 fues egndlsfnu definsandszarined 47 fu o1sual
“Wdela” wnu agledn
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n(T;, B ) x n(T,, By ) = n(d d@ete) x n(f, Gls) = 29 x 7901 = 229,129

n(T;, Ex) x n(T,, Ey.) = n(d @ola) x n(f, élo) = 482 x 741 = 357,162

wNUIN 229,129 — 357,162 < 0 vise n(Tj, Ey) x n(T,, Ex) — n(T;, Ex) ¥
n(T,Ex) <0

feduazdngd 6 = 0 unu thufes “@” ldaunsousnuevensual “dela” 16
e

anvne \eduaismudiundy dauduanaiu aldddmiinuesd “osn”
vudernuesual “dela” Saunsd 12 dude

1x9,153 x [26 x 8,215 — 168 x 744]>

Wis 5-y2 (o0, idigle) = 1 X 194 x 8,959 x 770 X 8,383

= 6.404

2.1.7. msafreluaarinau

nsaflueainiy Ae nszvaumshduwaielvissuulaiseusnisdwun
asuaivestory Mnteyayerndy Tuanwdfeilaldisnmmnilanduainunuiugy
vosanutavly  dusunisnssaredunid@euluuund  (Probability Density
Function for Normal Gaussian Distribution) [28] Usznausienisndinas 2 s
a ! a Y o ~ L. |
AD ARAY (Average) NU AIEIULUSAUULIAIFIU (Standard Deviation) ¥834A"
UvdnA fapuaunisi 14

_(x_lie)z
2
P(X =x|E =¢e) =g(x; e, 0,) = e 20 (14)
V2o,
el P(X = x|E = e) Ao AUl uNtonnURTMN x vutenueSUaIn e
g(x; Ue,0p) Ao dledumnunruwiuveseuinandy dwmsums

nszaeAINId@daunuuUn® (Probability Density Function
for Normal Gaussian Distribution)
Ue, O Ae ARy MU AdUdsauNInTgIU VoA N
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2.1.8. msduunUssianvasdoya

NMsTMUNUTENNYRITRLA  AD  NITUIUNTIMUNUITBYINUNEUTEANTDS
ToAu vulayayanadey Ideanuiinanalsegluaisualle lnefiarsanudaze
floguutonnu [10] luuddeililsBmssuunussanvesdoyadedaneiiuves
udug (Naive Bayes algorithm) [29] #Useneusnemguiiud (Bayes’s
theorem) [30] MU wwiARAuAazAdiaududasesrety  (Conditionally
Independent Assumption) [31]

Gunnsvhueesusivudeniny ananuasndu P(E|T) Tumalfod
nsmen P(E|T) asildenn uay 1dgademnudnuiuuin ﬁﬂﬁ?ﬁﬂ%’mwﬁwé
(Bayes’s theorem) [30] lunisudasaunislviman P(T|E) wiy femuaunisi 15

P(E|T) = P(E):(;)(HE) (15)

NLLAVDIAT T = {t, ty ts, ., ty} Aglein
P(T|E) = P(ty, ty, ts, .., ty|E) wag anuwiAnmusazmilanududasesaiy
(Conditionally Independent Assumption) [31] 39l991 P(ty, ty, ts,.., ty|E) =

Ly P (|E) fenuaunisi 16

M
P(T|E) = P(ty,ty, t3,.., tylE) = np (4 |E) (16)
j=1

INAUNTTA 16 WNUAILUANNIST 15 lamuauniIsi 17

P(E) x [T/, P (4|E)
P(T)

P(E|T) =

AMSMUIEDNISHAIULTEAY AElTUUIAA argument maximum  (argmax)
[29] fo msmenuhanduvesnensual uay azdeniungersuaindauuay
Jugnndign fewuaunisn 18 waz 19

€predicted = argmaX{P(eilT)} = argmax
eEE eEE

P(e) x T, P (tj]e;)
{ o } (19
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eng = argmax P(e;) | | P(tjle;) (19)
el eyp fio 9 1suMNMWIMAIEDanIeaTIUNBWLUY [14]
= | 2 Ay & e,
P(e;) A9 AU UUNVDANUILLUUDITUMN §
P(tle:) Ao nhazduiitenrudfidnd j vuderuorsuaid i

Ao FUIUFULUUTDIAT
E Ao WwRUaIUsennensul 6 815ual [9]
{3739, N, Usenaala, vdela, Suies, 1nss}
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2.2. UMDYV 09

Y
ms Iimiinvesd

uu'lifidaeu [32]

MINAADNVDIAI

uuufidaou [13]

A 4

Y
msIimiinve s

upviidaeu [6]

MINAADNVDIAT [4]

o A b2
witaymdndsinglurateersual)

A 4

Y
Huaue nmslmihmiinueei

au &
luauIveil

PN % v 6 Ay A a k4
ANNN 2.2 LHUATINAINUFUNUT VBINUIWVILAYIVDY

Tumiaseiiieadosiumsiddminues 1wl a.e. 1988 G. Salton uax C. Buckley
321 lihmsfinsannislidminues Falduunsdnfiuuasnisdufuansaume
(Information Retrieval, IR) wUInsRsaneenuanudu Ae 1) ﬂ’J’W@JS‘UENﬁW (Term
Frequency, TF) Dumiivsuenmuduiussening fu denny Taerumauavesid
Usingquudernu 2) egslsfionu nisliiwiinuesdn Tneldenufivesdifissednadieatu
ylsiamininvesldanasousnuesgnuestennu (Discriminating Term) Aidususfiuyn
29A11Y (Relevant Documents) aaﬂmﬂﬁhjﬁmﬁuﬁ‘ﬁum%mm (Irrelevant Documents)
Fauunned drundumnuivesdionanu (nverse Document Frequency, IDF) 331unum
AunuannsolunsLenLezyeueton Feunslidmtnuesd  Seszneusieaes
dw fle anudvesd MU dwundumnudvesterny (Term Frequency & Inverse
Document Frequency, TF.IDF) 3) Nan3enuvedaiug1IvanIy finrsannsuSuantmn
Yo wuulAgel Lﬁ'aiﬁt,wiazﬂ'wﬁmﬁfﬂﬁuaqﬁwaguumsﬁmgmLﬁmﬁ’u (Cosine

Normalization)

Tudsefiiedestunsindonvesi Tl a.a. 1997 Y. Yang was J.O. Pedersen
[13] leinauenisimdenvesd tnefiansananudlunisindiufussnine fu deany
Town Document Frequency (DF), Information Gain (IG), Mutual Information (M), Chi-
Square (CHI) Way Term Strength (TS) NaYINNIINARRLUTIUTIEU N1TAALEDNTDIAILUY
G U CHI Tiauusiugunniign sesasn Ao DF, TS uay MI auddu 9auszadueanis
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ARLEDNTBIAT AD NTaRIUIRLRYeIATduwInlng (High dimensionality of the Term) [5]
lpansfnionveer NanunsouenutesynveItond1y (Discriminating Term) 88na1n Akl
aunsanenuesynvetanule

stourlul .. 2003 F. Debole uay F. Sebastiani [6] Iéinauensliminvesei
lnensiseuswuulliasuy (Supervised Term Weighting) lagtiiuiAnnisaniaenyaddn an
THunuunmes dwnduaruivesieniny (nverse Document Frequency, IDF) wén
dauensidimminues suldun TFIG, TF.CHI uay TF.GR maanmsnaaaaUseuliioy
1neInA1 macro-averaged F1 Y09 sIiviinuesd TEIG, TF.CHI uag TF.GR agjﬁ 86%,
79% Way 81% mNAIAU ‘Uu‘i‘%mifﬁwLLuﬂﬁé'J’am’mLﬂ%ﬁﬂmmma%aﬁuauu (Support
Vector Machine, SVYM) wazlul a.¢f. 2004 Z.-H. Deng et al. [32] lavinnsiiseuiiteunisla
dhudnuesdnseaing TEIDF fu TF.CHIE wuinmslidminaesdiuuy TF.CHI dssavsnm
#i#ni TF.IDF lneAwad micro-average F1 vo TF.CHI E]gj‘ﬁ 87.5%

Tud af 2008 L. DAl et al. [4] MebwausdsnisAndeniuuusulylaaunis
(Modified-Chi Square, §x2) Humsfiwesinadn (8) JuiSnmsusuanazuuuvasdiia
SnunmAntulunanvaneUszindoniny dielilamiidunndnuasangidaauiu
Ienanausiugiogi 86.10% uuismssuundermnuinsesinsnmosatiuayuy

Tudimvesnuddedl szsjautiutiauenislidmingesd fu msdndenvesd luns
Suunersuaiuvudeny nuantmaaes s 3.8 wuiwsdidnuasAntuluane
Usamonsual  Sednwazddinanduuiltuagliannsouenuesyavosdonnuld  Fedy
dielyinsdnidenvesin Aanunsausnuezyavestonn senan Adliaansouenuezyn
vastenuld [5] Seldthumnnmsuiuanazuuuwos (4] eudtymeiiiidnvasiindu
lunannvaneUssinndeaniy faen1suiulsslaauais (Modified-Chi Square, §-x2) lngrinu
msdmedinadn (8) udnhwnAadindn wussandldtunmslmininvesduuiln
fie msliimnuesiuuunuavesi fuU wadh-laauans (tf. 52)
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=D.

UN

YUNDUNITALUIIUIY

3. YUABUNISANTLUIUIRY

3.1. 1AT09NBN I IUN1SIY

1.

2
3.
a.
5

FdeUsvanusewinsuuuaaunIy AU e1anaiag, Google Docs [14]
fnsIaTumaznan 1w ng, KK Spell [15]
fanAnwling, Tlex [12]
wdeaflewannlusunsunwn CH#, Microsoft Visual Studio 2010 [16]
wansiieadnelumailnedy uas SunUseLnntonana, WEKA [17]

YoAUIN

=) ' o g
mimwammau"lau

D1ANTUATADLLLUADUD 1

y A 4

R

@1z aussHINWVUTI VY

11U ©1@181nT, Google Docs

Fnsndumaznaniylneg

KK Spell

\4

o @

2Adamnung

TLex

\ 4

inToaleNaL TUsunsUAIYT CH

Microsoft Visual Studio 2010

A 4

in3eatoasa Tuaarnelu

wag Swunlsznndeninm, WEKA

a' v o ¢ A4 A aw
AN 3.1 LNUATNAIMUANNUTUDILATDIUDINY
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lumhdetiagyadaniosentdluniidedamsvihuianuduiusiu - funmi 3.1

Uszneuse 1) fdieusanuszviauuuaeuaiy iU evanades vthilaiedeuszany
szysuuuauay fu evanasts uaz Termatasanunsaneuuuuasuamilessyesual
vostornu demnuditudunasdivieiiiasnagndes uaz ditaznaliigndes 2) Fmsaty
Faznaniwilng Ivthfinsadusaznaniwilngludornudy 3) fndinmnlne Tudhi
daludennunwilng iedeszinadnvusesd 4) wdeslofauilusunsuduiy i
wihfisnanslirsuuugadnvazvesd  ilednidonaudnvazvesifivnzan s
msliintinesnudnvasressluutasdenu 5) wdesileadslunafindu uag Suun
Usziandenny Snthiiaiislnnaainyadeyeiindy waz nsduunusziandennuaings

Joyanaaey

3.2. YURBUNNISANLUNIUIRY

9
@

"’U‘Ll@]’f]uﬂﬁ%ﬂméﬂu%ﬂﬂ’ﬂhﬂ?‘]ﬂ"ﬂﬂﬂ

9
@

ﬂluﬂﬂuﬂ?ﬁﬁﬂlﬁﬂﬂ%ﬂﬂ?'m A5IUM T NANA

iag dammu Ine

A

9
@

TUABUMIAADDAM

Y
waz M3 Imnihminveadiniuneg

\ 4

4
@

Tupoumsasa Tumadmsudndy

uag ms{]’umﬂﬂszmwmmﬁuu%’amm

AT 3.2 HUNTNTUABUNITARUIUIY

iuﬁaﬁﬁaﬁ%wﬁﬁasﬂy’umumsﬁﬁLﬁumui‘ﬁa fanwdl 3.2 Usenoude 1) dunounis
fowsouderualne  Duduneuiawteuderuanedetiefiauesulad uar W
pranaassryesunivestonu 2) duneunisdaidendoniy nsadudaznafin way o
fawlne udupeunsdaenyndennuiimnzaudmsudinduannnsneunuuaesunny
vosonanains  avadudanaiin  uay  fadinwilng e linseinudnunzueai
3)  dupounsdmdend  uay  msliimiinvesnwilng  Sutumeunislviaguuy
AudnunzvesmAntualuesuiiu  uddadenynandnunzvesiiiuanyay il
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nstidminuesdn  4) Yuneunisasislumadmsuiindy wag n1sTuwunUsenvensual
vudeninu Wutuneunisaislunannyadeyarindy wag NsduunUssnvdeninuaingys
Toyanaaoy

3.2.1. VUNBUNITIALMIBNTBAMUNTE INE

FoAUIN

4
N13381D1TNY

= g
ﬂﬁﬂﬁ]’l’)ﬂ’ﬂi\lﬂﬂsﬂqﬂﬂ

A o Ifl J 9
INIDVIYEIANDDU AU VUUDAINY

AT 3.3 LRUNINASIARSENTRANA Y

(%
=€ o [

Tudeliazyedsiunounisinwdondemunivilng  Fuandearumniaiedie
fapuoaulat TumAded wdedredieueeuladfiavle Hud wada (7] uax Wufiv (8]
funeunsisfemnunmnlve  afsonnumwinefidedornuiuaulnaluedods
danuoaulad §1wau 4,609 Tornu wunludearuarnalediuiu 1,180 demiu way
YaAMUIMNAUAUTIUIUY 3,429 VoAU %’jumaumiszqmsmﬁmaﬁamm AN RGRGA RN
mssvyorsual uay Middnvazrudensual ensualluluuaeuniy avUsznouseensual
3, nd, Usevanala, dele, Yufleq, Tnss, ldusngensual uay o1sunidug onanadasey
wiseenifiuaeingu Ao 1) nguidmesdoniu azvinisszyensuaivesterny 2) naudilly
Frvestomnu awimsssyersuaivesionim uay denuiiiidnuasisudaoisual danm

i 3.435
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LIRS

faanudl | fnad19tany
Jan2u
1 iy | wdlesegludasasuimvhuunluiunsuetasde
2 Wil | 19 Aimet agnsu wafivshunnaelirssnetymesls
3 Wil | waenmelufifnsuaaiegneuauves ef - a tale of melodies
4 Wwitd | weamdnleliien leftqdusaiaa 105 aana 3 udinsu
5 Wil | wivdaann 5 vuluwds Jadue wes 7 Wn/512 kb
6 v | astsessuiineu noutasiisudnseurhauueuALABEATY
7 fufiu | dmie BD tu flerlsAndfiiaenssumutiuauniy
8 il | wudluivhluee@ueag)iudnds ninnnnnnnnnnn
9 Wil | ndtunmidesinnglau emp rewslnduinlilvandostisls
10 v | udadidwelvaslulddnitoundeing sufineslvanesasu
11 fuiiu | vileneudanseguasimanesitiiuldgnisdens..
12 Wil | aualildelellenads dsidnsunaulauiudilalis = =
13 iU | ufidundusm nalvanudaiiuiuin "muananisidouse’
14 Wi | lilenudeu viestuunann Flumalthud medud
15 Wil | ARslagFeslimnesudsaesiialuniEive
16 wiade | dlddhuuannnnn Wil drama aslstulu pantip
17 it | denethnasnelunuidosusfusniasaaiu
18 wiatin | wad Araragi vhlumszdesnstienuuuigrislauviuen
19 wata | sdwmssdraiuug Nise isanunminiy Bake oz
20 wlara | Krispy Kreme snlveudadimisineu udl 28 eenfiu
21 wada | I fungneed winlvgfuesiu en clear swiidrae
22 wade | Saudarauennads undidaldlfiae Weduaudd
23 wiadn | asdedviludinisus degsevhawadfneulny
24 wada | udnouily Transformer 3 douvds Atfudun udioudu 5555
25 wlade | dusnmidn aunszdes 18 lonuss 91n1Amduueuuul A A

A15199 3.1 MsuEnsieg1senNNAsevedirLoaulall



1.1 danasuninTnaAeloiicn 1astiam el *
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Elfen] |lied| |a3u| [W1]na2]a34]| |
wel[l|osuatjunn||

WlOl

W102

W103

WlOll

WlOS

W106

AN599 3.11 saiansegansaiauUTaeliginnmnes

v Antminvasdn
firagedannu : ” . »
la | W | du | ld @ | e
p810|0|ue|a[ld[la sz wse|d|
o v b ! 0.827 | 0.010 0 0.201 0 0
nod|luflse)Fou|
n|ag|nu|a(lujauninfsiulaz|@n|
Y ’ 0 0.095 | 0.327 0 0.077 0
GEMNRRGIER]GE]
allujafu|su[ljenfag| [un|asans|
o 0.203 | 0.003 0 0 0 0
W [=w=|
Taiun|wana|lu|afsiuls Tuag| |
2 v 0.768 | 0.010 0 0 0 0
WA | WU wra|
s |az (Ll lseFou(ly|
- 0 0.275 | 0.951 0 0.111 0
)| |-
pen|l| [own(lu|a| [ua|og] |
. o > 0 0.003 0 0.049 0 0
A |Ag| [T_T] |99|
2810l [228[09] [ua|w|Te|
o v 0.200 0 0 0.097 0 0
Lai|mog|la|uwan|
p810[lU|8n|ue|ld|Aoe|19|udn| |
d & o 0.664 | 0.008 0 0 0 0
L@EANY| LA U N
Taljun|ndawinflas| jue|A|Fen|
- Y ) 0 0 0 0 0 0.885
GRLNGRIN R
Flfen| |lied| |a3u| [U1|naalasy| |
oy . 0 0 0 0 0 0.887
wsi[la|osuaijunn||

AN5199 3.12 A151LEAFIDEI9NITATUIUANUN TN YDIAN
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3.2.4. YUABUNISAS19LAREINEAY 1ag N15ALUNUSLANBISUAIUUY DAY

ﬂﬁfﬁm,uﬂﬂﬁzmﬂ@ﬁuﬂi

myas Tumadmsudngy Tumadwiiladuy

YUTRANY

AN 3.8 WHUNINANTASILLAAE VS URNAY kay N15INLUNUTELANDISUAIUUT DAY

Tuﬁﬁaﬁﬂzmmﬁq%umauﬂﬂia%’wimmaﬁm%’uﬂﬂwu wag NSIUUNUTLLANBITURIUY
Foau Buanmadrslumadnduilndy aznmsmaeds (Mean) fu avdudsauy
1m3§1u (Standard Deviation) wesAiwiinvesdn fu o1sual ethanasdinaans
nsrAEMARsuLUUUN® (Normal Gaussian Distribution) [10] Gﬁzumauﬂ’m?'n,t,uﬂﬂimm
D1SNAUUTEAY Az MUNUsENToanulaglgdanseanun1snuALuURIaNug (Naive
Bayes Classification) [10] Lfﬂué’amaaﬁmmﬁwLLuﬂﬁﬂssqﬂﬁmﬂmwﬁmé (Bayes’s
Theorem) ngldauyfgnuvesruiazAiidaseranu (Independence Term Assumption
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Weka Explo
Preprocess| C|€'55if¥'|cluster Associate | Select attributes | Visualize
Classifier
Test options Classifier output
(2 Use training st === Run information === L’
() Supplied test set Set...
Scheme:weka. classifiers.bayes.NaiveBayes
© Cross-validation l:l Relation: train
O Percentage split l:l Instances: 3051
i i Attributes: 4261
[ Oré options... ] [list of attributes omitted]
Test mode:evaluate on training data
‘ ({Mom) class w ‘
=== Classifier model (full training set) ===
Result list {right-click For options) Naive Bayes Classifier
bayes NaiveBayes
ik ik Clazs
Attribute 1 2 3 4 5 3
(0,177 (0.17) (0.17) (0.17) {0.17) (0.17)
dl
Wean o a o 0.3377 o o
std. dew. 0.0012 0.0012 0.0012 0.4401 0.0012 0.0012
weight sum L09 505 508 508 L09 L09
precision 0.0071  0.0071 0.0071 0.0071 0.0071 0.0071
dz
Wean 0 0.0026 0 0.1531 o o
std. dew. 0.0012 0.0417 0.0012 0.244 0.0012 0.0012
weight sum L09 505 508 508 L09 L09
precision 0.007 0.0o07 0.007 0.007 0.007 0.007
d3
Wean o a 0 0.1035 o o
std. dew. 0.0034 0.0034 0.0034 0.3 0.0034 0.0034
weight sum L09 505 508 508 L09 L09
precision 0.0z04 0.0z04 0.0204 0O.0z04 O0.0204 0.0zZ04 v
Status

ANN 3.9 ANLEAIN1SAS19lRAANSURNEY VoIlUshnsy WEKA
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Weka Explo
| Preprocess | Classify | Cluster || Associate || Select attributes || Visualize|
Classifier
[ Choose ]|NaiveBayes |
Test options Classifier output
() Use training set ~
=== Evaluation on test set ===
(%) Supplied test set Set... === Summary ===
() Cross-validation l:l
Correctly Classified Instances 302 §9.0855 %
OPercentage split l:l Incorrectly Classified Instances 37 10.9145 %
[ Mare options. . ] Kappa statistic 0.669
Mean absolute error 0.0365
Root mean sgquared error 0.1905
‘(Nom)class A ‘ Relative absolute error 13.1557 %
Root relative scquared error 51.105 %
S Total Number of Instances 339
Result list {right-click For options)
=== Detailed Accuracy By Class ===
TP Rate FP Rate Precizion Recall F-Measure ROC Area Class
0.9z29 o 1 0.9z9 0.963 0.995 1
0.877 0.0zl 0.5893 0.877 0.58585 0.954 Z
0.5807 0.014 0.92 0.807 0.36 0.991 3
1 0.0z 0.713 1 0.832 0.997 4
0.504 0.007 0.957 0.504 0.574 0.9585 5
0.9z29 0.007 0.963 0.9z9 0.945 0.995 &
Weighted Avy. 0,591 n.o0zz 0,507 0.591 0,893 0,591
=== Confusion Matrix ===
a b o d e £ <-- classified a=z
21 0z 011 a-=1
oS50 1 6 0 0] b=2
o 146 5 2 0] c©c=3
00 o057 00| d=4
o 4 1 545 1] e=235
oo 2z 2 0521 £=268
—
Status
: -

AT 3.10 AMWUEAINITNNTIMUNUTELANDITUAIULTDAIY F89lUSUNTU WEKA
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4

=D.

UN

N1INNAD9 LaraAUIIuNa

4. M15NAaRY wazaius1uNa

Tuenidfed dornuihindrananedededaueoulald fo wada fu Wuiu Dy
MU 4,609 ToAN ARLEBENTBANNAINNISTININDITUAIVDIDEEIAT AU 3,390
oAy Usenausig Tomnuananiudiu 91wy 2,502 doru wag tennuuainwlalde
1w 888 Uaady Tudwau 3,390 deau wiaduensualvesdeniny e1suaiay 565
Fonnu udwhnmsuuadugedeyadmsuindu dauu 3,051 deru way wiaduyatoya
dMSUNAdaU I 339 VoA

TunsneaesszuunsILUNDTSUAIULYEANN AntAsedederteaulal lawuIng
naaeseanidu 4 msneaesmneiu loua 1) msnegeusuuledtny (K-Cross Validation)
2) MsuageuANULLuETluNITILUNDNTUAIUNTBANY  (Accuracy) 3) N1SVINGBIAIY
wiugwedsnsdndenvesd  Wisulsussnindsnsdmdenmunindien  (Part  of
Speech, POS) U AntdonlagliAguUULANToATUUY 4) NM5NAaDIUSIUTIBUALLILEY
vuyateausEnIaade fu Wuny

4.1. msnadaunuulyddu (Cross Validation)

nageuwuUlvITy Juisnsnaaeuanuiianainveslunalung
Suunensusidonw  vudeyaweiindu  Fuannsdudiegnalasnisutsyateya
sonidu K @ Au nilsdmdmiuyndeyanaaey druiivde K-1 dru dmsy
yodeyatinduudinisadilueg uas nadeumssuunetsuaifonu ndwini
yhnmsduasuyadeyanaaeuluaunszinsy K seu

Tunsvnaest Tyndeyadmitiinty S1uau 3,051 dornu e
Tnadwsuiney Tngldisnsmiladduanunuiuduvesanuiiasdy dmsuns
nszanednId@deunuuUn® (Probability Density Function for Normal Gaussian
Distribution) wazlddanesfiuvesu1dwiug (Naive Bayes algorithm) Tun1sdiuun
ansusivasdory dwsunismeaeuwuuleidiy deonen K Aldlunisnaass fe 4, 7
AT 10 AUAIU Fnannnsei 4.1.1



M5 4.1.1 msvegeunuulitiu
WIBUINBUTZINATIINUTNAUU tf. X2 way tf.5-x2

39

Suuyateyaignus msliminvesh
(K-Folds) tf.x2 tf.85-x2
4 63.69% 74.31%
7 63.27% 76.58%
10 64.33% 75.31%

dwmeld WunismegeuniAimnuwanaadeiodfey (Significant) @Sy
WiguiiguTsn1sseusne 2 35015 Wdwmsummesaeudeyaninisuaniaawuuuni
(Normal Distribution) HIUASNAFBULUY Paired t-test [34] 13UIINAITUAAIAN

AU LAY

AILANINITIY 4.1.2

AANUAANA1R Uiazyatayanaaey veansvaaeuluuly ity

A1TNA 4.1.2 ANTNUARIAIANINLLILE kae AIANURANAIR uiavyadayanaaay

YININAdoULUUINITIN WIBUWIBUTERINNSIAMENATLUY tf. X2 Wae tf. 8-x2

mslrminveae . .
. ANPINULANAIIYDY
V@ tf.x2 tf.0-x2 , - .
Ny . : ANAURANANS AN
70 . AL , ANANY <
4 | Aeny | L AP | ( Error(hy)- (6; — 6)?
AN D NANAIA — HNANAA
WU Ll uen Errorr(hg), 6;)
(Errorp(ha) (Errori(hg))
1 0.6608 0.3392 0.7935 0.2065 0.1327 0.0002
2 0.6873 0.3127 0.8024 0.1976 0.1151 0.0000
3 0.7375 0.2625 0.8024 0.1976 0.0649 0.0028
q 0.6696 0.3304 0.7581 0.2419 0.0885 0.0009
5 0.5959 0.4041 0.6903 0.3097 0.0944 0.0005
6 0.6991 0.3009 0.8230 0.1770 0.1239 0.0000
7 0.5634 0.4366 0.6726 0.3274 0.1092 0.0001
8 0.5841 0.4159 0.7286 0.2714 0.1445 0.0007
9 0.6106 0.3894 0.7198 0.2802 0.1092 0.0001
10 0.4956 0.5044 0.6903 0.3097 0.1947 0.0059

§=0.1177
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k
1 ,
— = — . — 2
5= k= 1)2(51 %) (1)

lae?l Sy Ao ArdudeauunInggIu (Standard Deviation)
k Ao Iuiuyateyanagaey
8; Av AIALLANANUDIAIANURANAR TUlAazIOUN i

§ A9 ALRAYYBIAIANULANAINUDIAIANURNANAA

A1 (8; — §)? Tum1919 4.1.2 uag A1 k Wiy 10 wnuatluaunis (1) 9z
1giAn S5 Wity 0.0112

AN9197 4.1.3 991980 Zy dnsutisauideiiu N%
dmuteyaninisnszaesanutiazfuuuuuni (Normal Probability Distribution)
seRuANIey

N%
M Zy 0.67 1.00 1.28 1.64 1.96 2.33 2.58

50% 68% 80% 90% 95% 98% 99%

NATN 4.1.3 F29Aauesiu (Confidence interval) 1 95% A Zy
W30 Ly k_q AU 1.96 unueiltuaunis (2)

(ST i tN,k—l Sg (2)

91nAT § WU 0.1177, A1 S5 WU 0.0112 ke ty ,_q WU 1.96 unu

ANUANNS (2) AlAIARASVDIAIAMULANANNTDIAIAMURANAIA  (8) U

o w

0.1177 4+ 0.0219 UUYWAUTRLU 95% NAIBNEWNUTN As  AA1tudAgy

(Significant) Winfu 1 - 0.95 W3eegd 0.05

4.2. psnAgaUANNEILET (Accuracy) Uundaziinnslimiinuasn
msvedauanuwiug  WUuiEnisnsivaeunnuianainvedliaalunis
uuNeITUTANN UulayaYanadeay AiAuuiugl (Accuracy) fio U
fomnufiszuuuundenruldgndes eudy  Sunudemnutmuauudeyayn
VAU FeaunsT 3
# Correctly Classified Document

4 0y — x 100 3
ccuracy(%) # Total Test Document 2
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lummeaell dyadeyadmsulniy 91w 3,051 deanu d1nase

luwadmsuilndu IegldaSmamilenduanuruiwiuresanuiiasdu dwsuns
nzAUFLNETaULUUUNRA (Probability Density Function for Normal Gaussian
Distribution) [10] waglddanasinvesudniug (Naive Bayes algorithm) [10] Tunns
Fuunensusivesyndoyadmiunaaey S1uu 339 denrw Tsdrufinarndy

TomnuAuazyniutayadmIutingduy

159N 4.2.1 NINAFBUAIINWINEN UNTayaYnNaaay
Wisuisumsiidwtne Binary, tf, tf.idf, tf.rf, tf.ig, tf.x2 wey tf.5-x2

sl Srunumiigndaiden andusuazuuusnnlulios
YDA 10 40 160 640 2,560 4,260
Binary 27.44% 35.10% 46.90% 48.97% 50.15% 51.03%
tf 28.91% 37.17% 48.08% 49.56% 49.56% 51.33%
tf.idf 27.14% 36.28% 46.31% 51.03% 47.79% 47.79%
tf.rf 22.00% 32.45% 36.58% 44.54% 51.92% 52.21%
tf.ig 33.00% 51.33% 68.73% 74.93% 80.24% 81.42%
tf.x2 34.21% 48.00% 68.00% 76.70% 81.29% 80.83%
tf.6-x2 34.21% 52.00% 67.00% 74.93% 88.13% 88.79%
100.00%
90.00%
80.00% /ﬁg‘—
70.00% == 2Binary
60.00% Bl
\ / e tf.idf
°0.00% ——thirf
40.00% - ——tfig
30.00% —o—tfx2
20.00% / t.6-x2
10.00%
0.00% : : : :

10

40

160

640

2560

4260

AN 4.1 WAAIANNAUNUSTENINAMULUUEGN U I1WIUAINTNISISEIAZLUU
Wisuisunistidwingn Binary, tf, tf.idf, tf.rf, tf.ig, tf.x2 uaz tf.5x2



a2

397 4.2.1 uanmanageuanwiustlunmssuundenuuunsisiming
wwsnen  aunsouvseeniduaesndundn Ao ngunisiimiinduuyliigaon
(Unsupervised term weighting) laun Binary, tf, tf.idf fu ﬂﬁumﬂﬁﬁmﬂﬂﬁmuuﬁ
maau (Superwsed term Welghtlng) laun tf.rf, tf. lg, tf.x2,tf. 6)(2 mﬂmimaaa
‘memamﬂammammummmwﬂwmmLLmumemumuma widledausiiindu
Wrlndsuausrommaitls asihldsammafiumuuinzanawity dewssudieu
fusuiitosndt  uwdlassungunisliimiinduuuiifaon  wlviaruusiugisnd
ngunsTsiwinduuulaiffaeu duamuuiugwessiuau 2560 fu 4260 /1 ey
el ingifesty dusaadlidiuin Sau 2560 miidnmsseinzuuuesd i
UszAvsnmnssiuunersuaiuudoniny Weuwhiusiuusimun 4,260 i

PINNANITNARDITIUE muuluglumssuundenuanisnislsimdnuuy
wadn-laauas eyl 88.79% uuduium 4,260 M ludusield andunsieszsiany
Aawanelumssuunensualandonny  (Eror  Analysis)  uudsansidimtnuuy
wadn-laaues egil 11.21% sadutemnuduiu 38 deanu Mnyatemnumaaeuduu
339 YA mmiaﬁ?’lLLuﬂmmemﬂmwa’lﬂumsfﬁ’lmemamﬁmmsﬁamm AINITN
4.2.2

A15197 4.2.2 LanINTILASIEAINURANATR (Error Analysis)
Tuns3uunosualiuLtoAIu

U - v
Y ANVRANURANAIN F9e19UDAINY
oA
fliusinguugernely w3e , a .. -
4 \ 11e| [n3a| [vindre|aslalun

Ausngliiu 10 e

Tyl fifidnwazesuainu 7 4 e Y
16 v o . s S1aUszma|lng|Un|wde [os|da|uwad|
FAANAADINUDITUUUDIVDAINY ¢ )

a o

HATNANwr1TNALAY NdanARDY
18 AUDTUAUDITVIAIIN WANATIS Sulwaulifayn]as]Wsunn|

ANWULDITUAIUTLAUNIN

INATNG 4.2.2 WuiamnAUEanaInlun1sIkLNeTHIULTEAIY

1 & 14 v J o a1 a :%’ = a dg” 2/ £ =% a0 aa

wiseeniu 3 do laud 1) Avliwefiniu w3e etutbeuuteyayainiy 2) lfidid

anwarensualiay uay 3) Seddidnvauzorsualduiwiunit deludunsinssiaveus

azde  A1NMvg1teRAN  LgnskankIsTIuIuAINDYesR  Tulsavensual  uuAnSd
4.2.2.1-4223



a3

AN5197 4.2.2.1 LAAINITHANLIIINIUIUAIUDUDIAN PULARLDISUA]
vutaAL “d1g| [n3a| [vindre|Ralaluan|”

913304 .
U
A - o v Jsenam | »
SRIER Wdela 1nss n&an Suiea 1 YDAIY
118 0 7 0 3 0 0 10
- | n3n 0 0 0 3 0 0 3
=
% 91518 0 3 0 0 0 0 3
@
= | 3ala 0 3 0 0 0 0 3
U1n 93 40 12 126 16 10 297

soluasfiunsinmsiamnusiazde awmuan fdflieeiatu vio \Aedutos
vudeyayaiindy  aannisnaasdldvihinisuenyadeya eenluyadeyaiindudiui 3,051
fonu fu gadeyavagoudiuau 339 Ferrm Fuiaesyadoyausnoenaniu Tsdaaw
Hululgn ditlieusnguuyaiindu vie Wintutios en1avsUsngquugadoyavagey v
Tsvutliamnsolnseisdnan hmiuinuaresuaiisudoll Ssilenmafiszuy
azvhuesuaiuutenueenuRanen fegidenu “dele” wWu sihe| (S| el
3alajunn| wiszuuihungesuaivuden fio “ndr” way vhnsuanuasTuIUALAves
1 Tuusiagensual e 4.22.1 wudh Sditldusnguueiindu vie diusingliiu
10 Femnu lun “sire”, “n3a”, “dr¥e” war “Iala” wiwdidrh “an” fiusingiu
$1uau 297 deennu woy WHuAfiidnuuzeisuaisu “ndr” deussuuiviuneensuaiuy
Fomnufanain Wuensual “ndr” unuilesifuensualfigndes e o1sual “dela” @sld
INNTIIRNVBIRNENALAT)




AN5197 4.2.2.2 LAAINITHANLIIINIUIUAIMUDUDIAN TULARLDISUA]

vwteany “33[Usswmellne|Umde|Uas|an|ud)”

aq

913304 .

T1UIU

59 dela 1156 Ge Sfea ﬂszizam YaAu

rl 5 3 5 6 3 19 41

el 6 8 11 8 19 22 74
Usend 0 0 5 0 2 0 7

< | lne 0 6 6 2 3 4 21
% U 0 0 1 2 0 0 3
%= | wde 0 5 2 3 1 1 12
LR 0 3 0 0 2 0 5
a0 17 13 2 29 0 0 61
15e) 42 a7 19 70 19 24 221

o

'
aa v

s

awvniaes lifidiifidnuurersualioy Lesnssuuiiemginsduuneisuaivy
Foru nanuiesnduiiusngimdusenin du ersual Wemriensualladidnuas
msusIngesaruavudty ffumnldfsiifdnuurorsuaisuusnglu ssuuilena
hwgesualuuteanueenumanaIn fMegretennny “@ela” wu 3dn|Ussmallne|

[y

‘1'J'1|Lvi§a|ﬁaa|qﬂ|ué"3| UATZUUYNUIEDITUAIUUTEAIL AB “Na2” War YINITLANLAY

I [

° ‘:ll ° ! ¢ o ] I o aa ¢ ‘:l
AMUIUAITUOUBIAN IULLmaza’ﬁmm ANRNTNN 4.2.2.2 NUIN "LN@J@'W]@J NWEUSDITUULAU N

1'%

aonpdesiuansualidglavudennnudnan ualdin “ga” du “udd” Wuiniidnves
215UAlAY “NdY” AItuTEUUIIUIEeISUAIUNTaANURANAR WueIsUal “Nd1” wiun

I3 ¢ Y a L y VY o
%L‘U‘umimmmgﬂm& A8 BN Lﬁ?ﬂf\] (sﬁﬂlﬂf\]qﬂﬂqiiﬂ'lﬁlsﬂaﬂEJ’]ﬂ’]ﬁllV’\li)



AN5197 4.2.2.3 LAAINITHANLIIINUIUAIUDVDIAN TULARLDISUA]
vutaany “sufay|ljayn s Wjuin|”

a5

915und .
U
A - o v Jsenam | »
SRIER Wdela 1nss n&an Suiea 1 UDAY
Su 0 2 0 3 15
LAy 12 6 1 6 2 2 29
oo | lal 11 185 35 108 71 52 462
% ayn 27 3 0 0 0 0 30
s | 1ag 69 53 29 107 27 24 309
CR 0 3 0 0 7 0 10
11N 93 a0 12 126 16 10 297
avnfiany faushelidAfdnvuresuaisiu fdenndesivensualvestormy uddl

[

ANNTLANYUEDISUADUMAUNTT  SELUVAATIENNITIUNDISUAUUTAINN  INAMUUIDL

Huiiusngrduseninsiiuensunl  vemndivsinguuten faduszuuilloniane
FunersuaiuutenueenuRanatn anfiianvazesualsuTiaundt fetedenin
“Sunea” L L%I&I|Léu|13j|ﬁ1éﬂ|taﬂ||L%x1|&l’lﬂ| WATEUUIUIERISHAIULTEAIN Ao “1dela”
Lay NMILINLIEILILANEYeIR Tuldazensual M5 4.2.2.3 wuli fffidanvas
osualau Tidenadasiuansuaisuisavesdeninuie M1 @ ualldfitdnvazersual
sufeiuninie min “bi” Bumiiidnuazosualiiy “@ela” Fufussuuivihuneensual
vudoruianann Wuensual “1dele” unuilazidueisuaiiigniies fo esual “Sufee”
@sldarnnislmnveseraadag)

dwsioly  amfumslinnzsimamaaeumnuusiugy  vesdflilsigndnidenan
JUAUAN 2,561 919 4,260 Wasuieunslsimndsening tf.x2 uaz tf.5-x2



A3 4.3 NMsnadeuANwiug vesrlilagndnien
Wisuisunsiiininaszning tf.x2 wag tf. 6-x2

a6

YIBUAUAZIUUYRIAN NigNARLTEN

nsliimdnue s JUAY 1-2,560 SUAY 2,561-4,260 SUAU 1-4,260
(Ffigndaidion) | (Aitlilsigndniden) (Fviaman)
tf.x2 81.12% 17.40% 80.83%
tf.6-x2 88.79% 16.52% 88.79%

M15199 4.4 TUIUTULUUA wag F1uAT Teguuyateninunadey

walylldeg uuyntanuiingy

PIBUAUATIUUYBIAN TignAnLTan

dUAU 1-2,560

DUAU 1-4,260

AN INYe9A
tf.x2

FuugULUUA
(laifuFnen)

583

378

FIUIUAT
(TUAE)

655

400

AN INYe9A
tf.6-x2

UFULUUAN
(laiuengn)

613

378

IIUIUAT
(JuAg)

694

400

FurugULUUA
N
(laiuengn)

1,338

FNUIUAVINLA
(TuA91)

4,750

Tudususiuguuuuvesiiinge Sudu 2561-0.260 agiiaszvinausiue
Tu ;s 4.3 Falimanruuduguddsnsldhiminvesiuuy tf.x2 U tf. 62
Ao 17.60% U 16.52% mua1du anuudug1sngt weudesldiuanuinasdu
Tunisduensualuudonuan 6 esual As 16.67% (100% 1368 6) wanslili
T Sududil 2561-0260 Snadenisduunesuaiuudenim ndiAssiunisgu
915UnlUUTRAIINIIN 6 D15



a7

Tudiumsan 4.4 uansduiugdiuud uag uiud Meguuynteniny
naaeu wilildeguuyatonufindy anmswansliiiuil fapsdidunugueuu
néelnglasunmstinludeyanssuvey

Tudusiold s dunsieseinsuanuassivum LAy it ivead
(Part of Speech, POS) [18] uwign1sAndanALuUlAauAIs AU IBnsARLEDNA
wwunai-leauad lummAdedldidenldiinwindnwilne way seymiinfivesd
rulUsunsy SWATH [33] Imeidenlddanesiuluwnsy (Bigram) iWunisusyanaua
aruthasduresndnussfiiatuimiuidaiiu  seguvesenuhanduiiay
wusnuseiiay 2 i Anfulugesnusedu

A15197 4.5 LEAINITLINBIITIUIUATUULAAZUTNNVBIAN (Part of Speech, POS)
vuIsmsAndenALuulaaunals (x2)

TRUITR SrnufiifinisiSenzuuy
(Part of Speech, POS) 2560 4,260
Noun 1,131 2,102
Pronoun 72 99
Verb 834 1,259
Verb Auxiliary 90 138
Determiner 53 75
Adverb 119 178
Classifier 135 207
Conjunction a7 81
Preposition 33 a9
Interjection 7 8
Prefix 6 11
Ending 14 20
Negator 9 15
Punctuation 10 18




Noun
Pronoun
Verb

Verb Auxiliary
Determiner
Adverb
Classifier
Conjunction
Preposition
Interjection
Prefix
Ending
Negator
Punctuation

2560 th Ranke

2561-4260 th

a8

>d Term

Ranked Term

500 1,000 1,500 2,000 2,500

AT 4.2 BEAINITLANBAITNUIUATUULAAL UL TIVBIAN (Part of Speech, POS)
viIsmsAndenAuulAawals (x2)

PMNANTIN 4.5 WEARINISLINLIITIUIUATVULARTUTNTIVE9AT  (Part  of
Speech, POS) uwisnsAmdenAuulaauals ( X2 ) WIANNISIILUNNENAYBIAT
Tduuuifnues ORCHID [18] @swdssenilu 14 ngu @e Noun, Pronoun, Verb,
Verb Auxilliary, Determiner, Adverb, Classifier, Conjunction, Preposition,
Interjection, Prefix, Ending, Negator Wag Punctuation 99nN15NAaDINUI AL

a ° ° ~ ) ! Y ° a o
ATLIENATLLUUIIUIU 2560 AN mmiﬂizmamaagiumwmmmm 1gNT1UIY
wihfvesdngnAnienunannfign fie Aua (Noun) fiu Ansen (Verb) ludqu
ax o A ° v 4 v P v
PasAadenamuuuam-laanais  (§x2)  azldmanisnshanuasilnalAes

AILAANINNTIN 4.6



a9

A15199 4.6 WAAINITUANLATIUIUAIVBILFAZMINTIVDIAT (Part of Speech, POS)
VLIBNSAREENALUULAAAT-lAALAS (§-%2)

Term

Ranked Term

wifives FnnuffiinsSenzIY
(Part of Speech, POS) 2,560 4,260
Noun 1,167 2,102
Pronoun 67 99
Verb 802 1,259
Verb Auxiliary 82 138
Determiner 52 75
Adverb 119 178
Classifier 138 207
Conjunction 51 81
Preposition 34 a9
Interjection 6 8
Prefix 5 11
Ending 14 20
Negator Ihi2 15
Punctuation 11 18
Noun
Pronoun
Verb
Verb Auxiliary
Determiner
Adverb
Classifier
Conjunction
Preposition
Interjection
Prefix B 2560 th Rankeg
Ending u (4260-2560) th
Negator
(I) 500 1,000 1,500 2,000 2,500

AT 4.3 LERINITWANLIITIUIUAIUDILAAEUTNTIvBsAT (Part of Speech, POS)
UWIBNSARENALUULAAA-lAdLAS (§-%2)
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Tudusaly 28ATIERPINUBLANANNVBIANTENINITNISARLEDNALUULAARAS AU
TnsAnEenAwuUAac-lAaRAs UNTINTULUUAT 2560 A1 NINTSISE9AELULL LN
1A8NINTUINITHANLIIIIUIUAUDVBIANTINATY ULWARLDISUA] AILARIAITIN 4.7 way
4.8

2,351 AN

(91.84%)

A9 4.4 UARIANUUANAINYBIFURUUAT SUAUT 1-2.560
FEWINNTAALFBNAMUU X2 AU §-x2
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AN5197 4.7 LEAINISLINBAITNUIUAMUDVDIAT TUwFARTD15UA]
vIsnsAndenAwuulAanals (x2)

D15UAIUUTDA Y

e : e | e

UAUVDIAN E‘ULL‘U‘UEUEN?W “E % v ag Ug <

- TG = < 91}6: §

5

1 UINGI@ADVN | 0 0 3 332 1 0

2 aaU@VSTA | 0 0 0 | 130 | o 0

7 #A9@15@VACT 0 57 0 0 0 0

10 HONCMN | 0 0 2 57 5 2

13 19@PPRS | 0 59 3 11 3

— - 153 w@XVBM | 20 | 19 | 30 | 43 | 35 | 24

ANNIZANERT > 156 JueVsTA | 16 | 23 6 11 | 13 | 21

ag/luynansunl 157 WsE@JSBR | 8 | 21 1 2 2 2

400 AY@EAFF | 12 | 10 1 23 1 1

> 458 f@VSTA| 33 | 30 | 10 | 26 | 26 | 29

> 492 J@PREL | 29 | 29 | 16 | 23 | 21 6

> 531 AU@CNIT | 36 | 36 | 22 | 30 | 20 | 16

LEUAAY > 2,483 WAI@XVAE | 43 a4 23 50 19 26
DUAUVBIAN

2,560
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AN5197 4.8 LEAAINITLINBIITNUIUAMUDVDIAT TUARLD15UA]
VLIBNSAREENALUULAAA-LAALATS (§-%2)

15U UUTDAIY
e | <
URNUVDIAN E‘ULLU‘USUENV‘H “E % Uvg ag Ug g
- TG = < = =
par3 PIYaY 3_2
-2
1 | Y1NaI@ADVN 0 0 3 332 1 0
2 | napuUEVSTA 0 0 0 130 0 0
7 | @@13@VACT 0 57 0 0 0 0
9 | H@NCMN 0 0 2 57 5 2
Eunara 14 | 19@PPRS 0 59 11 3
Surassni 174 L?Ni’lz@JSBR 8 21 1 2 2 2
430 | AL@EAFF 12 10 1 23 1
2 560
1,636 | 38@XVBM 20 19 30 43 35 24
2,561 | 1@VSTA 33 30 10 26 26 29
. » > 2851 | i@PREL 29 29 16 23 21 6
ATNNIZANEPRA > 2.967 | WA@XVAE a3 | aa | 23 | 50 | 19 | 26
aglunnensunl |, 2,972 | \Wu@VSTA 16 23 6 11 13 21
> 3,017 | AU@CNIT 36 36 22 30 20 16

PNANTNA 4.7-4.8 LEAINTITLINUIITINIUANDVBIAT TulAaze1sunl Ul

aa v A o s aa £ = o L (3
WBNIARENAMUY  LALATS (x2 ) uag UWIBNSAREBNATLUULARRN-lAdILADS

(6x2) WUNAAIANUANANTENINNERIS  (MYanash) Fermantuldnuae

nsnsgnefmeglunnetsualegslndifesiu  vuismsdndenduwuulaauads e

YULTITNTAMEDNAIUULAAR-LAALAIS  FENUAMMAITULRENI  11I9991n35ANS
YNTRNTUAVRIAT

ARLADNATWUULAARAN-LAZLAIS
n(T;, Ex) x n(T,, Ex) i n(T}, Ex) x n(T), By) sénen n(T;, Bye) x n(T, Ey) 3
Aanani n(T;, Ey) x n(T, E) asshliillonmainddifldnuay  Multi-Emotion

Ty Aetuleiansdidina audinsd 8 uaud vlinsuuuvesdeiuesual
U Score s5_y,(Tj, Ex ) Wuaudny dmalinisAndwade Score gperqge (7)) 861
AAIANLAIY LHBHINTSEIATLULYI IS UAUALLULYBIAITUANAIIY TAWMEYN
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YosAndnanwrIiiaTuluualianIzaNnTu fAanw1snd 4.8 ddidely
AATIzRANLLenasUsInsininuesiwuulagwas  (tf.x2) AU wuu
wad-laauaas (tf. 6:x2)

ATNT 4.9 LAAINITIIINMINUBIAIMUY tf. x2

FULUUYDIAN
1 110 ozls 31 il ol 7
%’amm‘ﬁ' 1 0 0.053 0 0 0.960 0 0.003
%’amm‘ﬁ' 2 | 2801 0 0 0 0.018 0 0
%@ﬂ%’mﬁl 3 | 24.069 0 0 0 0 0.006 3.433
%’amm‘ﬁ' 4 0 0 17.309 0 0.277 2.654 0.008
forudi 5| 0 0 0 0.024 0 0 0

MI5N9 4.10 WanIn 1SN UeIAILUU tf. 52

FULUUDIAN
U 110 orls 11 3 M 7
forufil | 0 0 0 0 0.960 0 0
Fomufi2 | 0 0 0 0 0 0 0
forufiz | 0 0 0 0 0 0 3.433
forufia | 0 0 | 17309 | 0 0.277 | 2.654 0
fomufis | 0 0 0 0 0 0 0

A15199 4.11 UEAIRI0ENUDANNYDINITIN 4.7 AU 4.8

Y9AIUN YA

1 Ta| |Lﬁa|Lﬁu|ﬂu|‘uaﬂ|%’ﬂ|€qu|‘1/‘1°?|1ﬁ|§u|§1a|LLaz|ﬁ|mm|¢u|mn|

Tne|ao$3utu| [Uszns|3ia| [fajaninaen|@ia| [lidoselnydnuial

moulfi|ndesdules|Az| [I|deuulidu| [B2] [Wiulan| 3wy

[dflasiwensru|de|asulinjiulAe ozl

2
3
il
5

won[ljantie le|welmn|fiousu| [ui(lnad|nouaulwndajaul

1NN 4.9-4.11 uansnsliiminvesdUssuiieunisliminves
S¥INe tf.x2 fu tf.6x2 wuinanuwansaduluaiunseuduag 9an38ansiu
dhwiinvessuuy tf.x2 awvhmslihminndilistuuudonny vueiiisnsly
thwiinvesiuuy  tf.6x2  asfinsandeuiimdindnidnuuzmanszanslugn
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asualviselal nwdwesinad () danaadnidugud dminvesdntuazdie
wirfiugud wid § liduaud Wmminvesdazgnaruinmuuni

A157197 4.12 A119LEAIANLLLUETINITIUNDITUA] VUTBAIY
FEPINWINVDIVEAY hag Luiludvestannu

nsssuiwuuiiiaau Loy

Ly L A15LAIR o
aslmhwdn | 5 L . AFIUATENING
. NUINVDY AL v r) Tailo R
U NGR . WIURalen Y | L e fu il

Tailanves WIURIUeA Y | . .
. WIUBIUDAIY
YA
tf. X2 84.36% 81.12% 85.25% 80.83%
tf.6-x2 91.15% 91.15% 89.97% 88.79%

PNARSIT 4,12 wansnaudugnsduunetsual vudenny  sewing
Braesteniy waz ldlddmestenny wui Famsliimidnvesduuy ¢f. 8:x2
dunuudug mndamsliiminvesiuuy tf. x2 vunnIULUUNSSEUIUUE
faou  wivwdsnsliiwiinvesdufeaty  madsuduuuiifaounuuisnisTmei
Fwes wag llliidwesternu Smdlsimnuwiudunniian vuynguuuunsiGeus
wuuilifaey vazfinmsiFouduuuifaouuuuitnsdugseniades fu lildidves
oy Wanuusiugidosiian oglsfinnn Wamslidhminvesduuy tf. 632
Feuiuisnslidminuosiuuy ¢f.x2  Wvnsanauuansiauesnaauiue,
sgrhsnmsBeusiuuifaouriansiimaiingm  Taeuuisnmslbminvesduuy
tf.x2 Wannuuanseuesnnuiiugeaedinig agjﬁ 3.53% luvnuefiuudsnslo
dmivesdiuuy tf.8-x2 THmuuaniwesAnuiug 1 desisns ammaﬁﬁ
2.36%

Tudumaly 28AATIEINANITIUNDITNAUUTDAY TABNITLANLIIAIIY
wiugveusazosual LUAsSnsAndenuuulAaLAlg ez waf-laauas Annsg
4.13-4.14
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AN5197 4.13 A1TILEAINITHINBAIANLLUUE VD ILARL DT
yuIsnsendanwuuleaLals

95Uy (a1nlusunsy ) AU AU
Lalug LLuEN
@ A <
fe s Wu %
> | e el &
3| Bl S | B
e | S e || 5
59 ar | 2 1 5 0 1 a7/ 56 83.93 %
& & ~|uela 1 |46 | 2 | 4 | 3| 1 | 46/57 | 80.71%
A
_ép = 5 | Ins 7016 3] 4|01 39 /57 68.03 %
? G
g E | nih 1 | o] o |53 2| 1] 53/57 | 9299%
e
S < e 1| 3 5 13| a | 39/5 | 69.65%
Usevanta | 2 0 2 | 0 | 50| 50/56 89.29 %
AT 4.14 ANFIULARINITLINLIAN UL UE DAL eIl
YUASNNSAMEBNLUULARAN-LARLADS
15UAINYUNE (NTUSHATY ) AN A
Ll ug LaiEN
@ GE I
fe S Wu %
> - g G
E s | B ,e|%| &
| S L A
4549 / fla | 52 1 0 2 0 1 52/ 56 92.86 %
& & ~|ela 0 |5 | 1 | 6| 0| 0] 5/57 | 87.72%
<o
_é; = 8 | 1nss 0| 1|4 | 8| 2| 0| 46/57 80.71 %
i
g ¢ &l 0| o] o|57] 0] 0] 57/57 100 %
7 c
S Z °|%ufue o | a | 1|5 |4a5| 1| 45/56 | 8036%
Usenaata | 0 0 2 0 | 52 | 52/56 92.86 %

NETNN 4.13-4.14 AN ILEAINITHINBIIANUBU U UDILARLDITUIUY
FN15AALEDNTENINLAAKAIS AU MAAT-LAZLAS WUINANMULUNUETIUUITASARLEDN
WUULRAR-LAELAS  TNaAuklug NI Wlumazesual  Weudu  uuisnIs
Y I a I o oA a X ~ a v
Andenwuulaanens Tnsiinannuudugiinduniniign fe 12.28% uvudemiy
915uallnss WAy waAuwlugIuTuleegn Ao 3.57% uudeAuenTUa]
Usguanala suaisu
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4.3. N1SNAABIAMULNUGIVDIITNITANLEDNVDIAN

Tunsvaaesdl axvnsmeuulug1vesianisindenvesd Wisuiieu
sEeIansAaEenmuntfien (Part of Speech, POS) U AndaninglrAzLLL
waSesnzuuy ludndsnsdmdenmunihiidnesiauelumddeiiiium vy
Foamumwilve [2] Andenvidivesd e muim (Noun) AU AInSen (Verb) 970
N5NREBITLE YAVBIAUTENBUMIEY AMUNUTINIU 2,102 A1 Lag AINSE 1,259 A
FrtusuaufuL U Mnsen S8uauniaY 3,361 M FIanmNTed 4.15

A3 4.15 NMsadeuALLiug) udeyaynnadey
= ~ | ad o A Y Ao o o A 1 Y
WIHUNYUTENINITNITAALADNATUNUINAT AU ﬂ@LaaﬂI@ﬂiﬂﬂgLLu‘ULLa?Liﬁ]ﬁﬂgLLuu

A5N5ARLABN FIUIUAN
ARANYLIDIAN 10 40 160 640 2,560 | 3361
ANLADNMIUNTNTAA

15.04% | 37.46% | 54.28% | 78.47% | 80.53% | 80.83%
(Part of Speech, POS)

Andantaelinzwuy
v 34.21% | 52.00% | 67.00% | 74.93% | 88.13% | 88.20%
LAdLSeIAZ LY

100.00%

90.00%

80.00%
70.00%

60.00% //
50.00% / /
40.00% // /

30.00% /

20.00% /

10.00%

0-00% T T T T T 1
10 40 160 640 2,560 3,361

o A oy oo o A % v =
= RARLARANATNUUINAN —ﬂﬁLﬂﬂﬂImﬂ‘IWﬂzLLuu LLAALTENASLELTY

M9 4.5 NMINAFBUANNKIUEN VuTayaYANadey
WS HUMBUSEMINISNNSARERNAUNLNTIAN HU ARLEDNLAETRALLUULAIS SIS LUL
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MR 415 Fensdadentiaesid  193EansThmnd Uy
wasn-laaunas  uwawhmsifivsiuausdu 10, 40, 160, 640, 2,560 uay 3,361 A1
iofinnsannsiasuulasesruuiudtlunssuundonny  wuiviaedsile
SuAfisgulFauLlug R uanude weilesunuffiutudlng
smnusmuails Fldsnsnisifiuanuwiugrazanaayitiu Wewseuiisuiu
Suuiitesnin waz Ssamidenlaglirzuuuudiionsuuy avlinanuudugad
findn Bmsdndonauminid Tasfinarnuusiugrgegavesisdnidonaumihiim
fu AmdenlnglinzuuunadSeensuu WAy 80.83% U 88.20% muaisu 339
thiaueUsyanBnwanundusiinduay 7.37%

4.4. MaaasUieuiisuauliugruuyadannuszndtanalna fu Wuil

Tunsveaesdl YN INABDLUTIUIEUANULUUEUUYATDAIUTEN TN
wiadje [7] fu siudiv [8] Wiefiorsanunasiiinvesdonuin duaduanuusiudily
MsuuntenNvsell  AndendanuaInAslneITLalveseId@d@lAT  Wde
U 3,390 99N UTTNOUMEY T8ANULINRUTAY 311U 2,502 VDAY LAY
Fannuinanwaln wiu 888 deauthunaislumad miuiiniu laeldisns
miteiduanurniuresrudandy dmsunisnsranedimdleuiuuun
(Probability Density Function for Normal Gaussian Distribution) [10] wagld
danesfiuvesunduiug (Naive Bayes algorithm) [10]

F15799 4.16 MINAFBUANNWINEGY vuTeyaynnaaay
Wiguiiguunasyatennusening iwlade AU Wil

o nnslvimiin
LANYATDAINU
tf.x2 tf.6-x2
waln 80.68% 84.09%
Wy 79.60% 89.77%

MNANTNA 4.16  uansHamuutiug  Wsuifisuuvaadonuseing
wlada AU Wuiy wuhenuuensisanuwiugveunaadenusening wade
fu il Wiy 1.08% uidsmsldiminuuu £, x2 way Wity 5.68% wuisnis
Thdmtnuuu tf. 642 Tudnwdsnslidmonuu tf. 642 linanuudughi
find1 tf.x2 undenderuiada fu Wiy Tnenaruusiugdugusiiy
3.41% vuwlada fu 10.17% vwiuiy auasu
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=D.

UN

A3Unan153e uasdatauauue

5. 85Unan13398 uazdatauauue

5.1. #5UNan13IY
AT dnaueTnsAmden way nslidmtinvesininuan vl uu
gatoaunesetiediauesulal loun wade A siuiu aannisveassaunsaasuilu

Yo - a v !
91’15’14119191\‘1(5]'15’]\‘1‘1/] 5.1 YILLEAANAIUANT
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M151991 5.1 M1919HaaUITN15581INe eI i 91dTedl

ad d' v ad d' o
Wnsnly on15NULEUD Nagsu
9
- A RERE
Tuauiey Tuauieil AU .
o » LANBE 91999
NNIUUI WU !
nslwdmdn | mslddnidnees | nasladnidnves | Wiy | mstiduwidniuu tf.x2 | @199
YDA A1 WUUAINDYRY | AN WUUANAYRY | 7.96% | almihuiinnnaiuu 4.2, 4.7
A1 AU laawals A1 AU Lann- g YA VEULTLUU
(tf.x2) wads (tf. 6x2) tf. 52 aglintnuig
ATUUTDAINN WY
a 6 o
NN IARA1 (§)
NSAMLEBNAT | N1SANLEBNANY AIANLEDNAY WAL | NSAALENANTLNAYRY | AN
WAveIAT (Part | SUAUAZLUY 7.37% | A1 ILAALEDALANIE 4.3-4.6
of Speech, POS) | w41 ALY AUAINSEN VBT
Ao AU AU ASANLEDNRIUNTT LA
ANTEN AZLUY LARLRBN VUNN
PUNNVDIAT AIUN
WATIEWRTN 4.3-4.4
nsReus nsSeusuuul | Maseuiuuudl anas | HesnNsEusiuull | An51e9
wuuidaew | gaeu lnenistmin | Haeu lnenisdug | 2.36% | daeu lnensdug audu | 4.8

P19 131009 WAy
Tallea1ve9
YA

LNV AU
laileaveq
YAINU

N99NYUNVDIVBAIY
wAvauzfinaFouiuud
daou lnenslwan sy
msdaradvesdory
wazluluidvesteniny
P BuiU
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dl Y v Y 1 %) S v 901 Y o
MNTRA 5.1 annsaasuridelmduaiudiunan fe nshiiundnues, s

Y ° a P v ~ ~ ~ | an e Ay a1
AmERNA1 war N1sseuiuviiaeu TnelinsiSeuiieuseninedsnsnldlunuidentiun
fu 38n1sPiausludded Tudiumsiiiminuaemuuumani-laawads  aglinaniu

1 o d‘ QI 49{ d" a % EJ% v o 6 ldl 1 o =
wiuginduiiaisuiunsiiivinvesiuuulaauads egf 7.96% Tudiunisdnden
ANUDUAUALLUUUDIAT L TNAANUBUUG M ALTVUD T8 UAUNITAALADNANUNTINNVDIAT

1 a | a v Y v 1 A Y} @
9e7l 16.45% uay ludmumsiteuswuuiidasy lnen1sdue Wieuiu nislminaineanadas
TkaANULUEanas 087 2.36%

Mnmsneaesivaglid fsnsdmdenmuminie wee dadenianislinzuun
WEsssezuuy  dlesauddivduinldanuudugilunssuunisiunudie widle
Snnuf s lnasus il asilisnsnsiiunnuwsiugazanaaint
druAuuug NS LUV IR RTINS B IRTILULS WAL 2,560 (U 4,260 A1 azwuinilen
auusudlndidesty  dunandiifiuin Suau 2,560 AfiinnsSensLULTedt 1
UseAnsnmnssiuunersuaiuutenny  Wisuwihiusiuausaue 4,260 f1 gavinede
FBnsdmdon war nsliiminvesmuuunad-laauns (8x2 ) aelvnannuusiug i
Judleifleuiuisau  esnnisfindnasmeneudamiifandnvaziidatulumaiseisuel
oon Trinandeynvesmiifaudnvusiistuanyluosuninnu

5.2. UDLEAUDLUL

(%
v A o

W999N9UI8T WLAUITNNTAMLADN LAY NISIAUNTINYDIAIRUULAAA-LARLADS
(8-x2) BaduisnsvadfiiornidonAnlnudnvaziiinduluosualiansdin daiuds
posldusunudanuI NN WeBudulvlaidlulinudnuasMiintulunateeisusl

ludiuenuafauARUYeAIintY  WewInawidell  Andendanruiaives

fomnuanunsninszyensualldvitu druidenudululdhmifstuuugedenuayl
prBUARuTURTIRRT LISt nueaula]

JamiaainasiinTuaiuanainnsanidend fe  wiianagsudennuundusiuau
10 wionvazdudulllainfiuiinudnvazidietulunaisorsuainsely iwszdanuduly
lgftuenmsnievutesnss uiduandnusnvasiiiatulusisualioniy Snvsdadiad
U 1 a 14 =2 d! = < v = 1 U 6 a o dl
smlmﬂammﬂﬁmguumauamﬂﬂﬂu Fetimnudulula stfwiutmaﬁmaaqﬂuaauiau fiAni
mmuimaauaamq FauanAseluewnan Ao m'ﬁﬂmLaaﬂmmmmaﬂwmvmmium LAY
mmmﬂuaulmwmumﬂu@maﬂwmuLawwuﬁuaqmiumuumq wiinetTRzAnt ey uay
FilalAnTuass
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fuwaAndesnsainstomnumieusslonnnynvesdfitley Feinlsynvosdidi
AROUARNLAY arannnaisionuvidoUsleafinaeunquyavesitiuld Sndsanangn
AuAuMIAnTuTDIRRe IdEnde uihisnsdmidendaneidel sussandldiu
yndonriiaiintun welildpuosfiiaudnvasanzvssersuaiiu way vlusiun
o1suafuutemuiewssuyadernudmiumaluladnnsidensualvosmyes (Human
Emotion Recognition, HER) faly
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No.| POS Description Example
uled 95, 1alsun, 1an, wsy
1 NPRP Proper noun a ¢
21N

2 NCNM | Cardinal number Mﬁﬂ, @y, @y, 1,2, 3
3 |NONM | Ordinal number finila, flans, fianw, 711, 712, 713,
4 NLBL Label noun 1,2,3,4,0n,%a,b
5 NCMN | Common noun Mﬁ'ﬂﬁa, 81113, ®1AT, AU
6 NTTL Title noun 7., WaLan
7 PPRS Personal pronoun AR, 197, U
8 PDMN | Demonstrative pronoun ‘ij, ﬁ'u, ﬁﬂj’u, ﬁﬂj
9 PNTR Interrogative pronoun Iﬂi, 6815, 2814ks
10 [PREL Relative pronoun ‘17{, %Q, U, I}E
11 |VACT |Active verb Y97, SoUNaI, AU
12 |VSTA |Stative verb Wi, 3, Ao
13 |VATT |Attributive verb U, A, @28

Pre-verb auxiliary, before negator | . . o o
14 | XVBM i LA, NBY, NNA9

Pre-verb auxiliary, after negator . v
15 |XVAM |y Aoy, U1, 1

3

Pre-verb, before or after negator .

16 [ XVMM “1 - A9, LAY, FaN
3

Pre-verb auxiliary, in - L
17 [XVBB | , AFU, 99, bTEY, 981, YN

imperative mood '
18 |XVAE | Post-verb auxiliary 14U, 11, Ju
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No.| POS Description Example
Definite determiner, after o .

15 | DDAN noun without classifier in , 1, T, fimun
Definite determiner, Yy oy

20 |DDAC . o 11, 1, U, Yu
allowing classifier in 9
Definite determiner, between

21 |DDBQ [noun and classifier or preceding ‘171’5\‘1, an, e
quantitative expression
Definite determiner,

22| DDAQ following quantitative pge,
Indefinite determiner, following ,

23 | DIAC noun; allowing classifier in WU’ BU, AN
Indefinite determiner, between

24 | DIBQ noun and classifier or preceding | U1, Usganey, 1Nau
gquantitative expression
Indefinite determiner,

2> | DIAQ following quantitative an, iy
Determiner, cardinal i - o

26 | DCNM ) RUIAY, LE@D 2 A1
number expression
Determiner, ordinal 4 4 4 4

27 | DONM . NUUY, NEDY, NAANY
number expression !

28 |ADVN | Adverb with normal form 1ns, 159, 41, ainave

29 |ADVI Adverb with iterative form L%’J‘], LN, 119

30 |ADVP | Adverb with prefixed form Tneisn

31 |ADVS | Sentential adverb TagUn®, 555UA"

32 |CNIT | Unit classifier i, AU, LAl

. A, NAY, B9, 139, N9, AU, kUL,
33 [CLTV |Collective classifier Voo
U
34 [CMTR |Measurement classifier Alansy, w7, %Im
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No.| POS Description Example

35 |CFQC |Frequency classifier ﬂ%g\‘i, e

36 |CVBL | Verbal classifier 1w, dn

37 [JCRG Coordinating conjunction WaY, ‘Vi%’e), Ll

38 |[JCMP | Comparative conjunction A77, WHBUNY, WNAU

39 |JSBR | Subordinating conjunction W9z, 31, Wilesan, 7, wifin, &
40 |RPRE Preposition 0, ALY, VDY, 6[,(731/, YU

41 |INT Interjection 198, 19, 109, 18, 99

42 |[FIXN Nominal prefix N15Y1N9U, AAUFUNFUIUY

43 | FIXV Adverbial prefix 2814157

44 |EAFF | Ending for affirmative sentence  |4%, 4%, Az, AU, Ug, U1, 100
45 |EITT Ending for interrogative sentence 9159, L1150, l‘vm, :EJEJ

46 | NEG Negator 1, 8,18, 18, a1, &

47 |[PUNC |Punctuation (R
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Emotion Term Feature Selection

for Text from Online Social Network
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Absfract— Since social media has become part of our daily
lives, it has posted some direct effects on technologies. This
includes the classification of emotions from text. Specifically in
Thai language, the trend in writing in social media has changed
enormously to use informal language in which the spellings are
often incorrect. Furthermore, users tend to express feelings
through writing by imitating sounds. Apparently, these words are
nonexistent in the dictionary. Therefore, it is almost impossible to
identify emotions from this new writing style. We propose to
improve the classification of emotions from text by adding “owner-
reader” matching algorithm to the traditional 32 (Chi-Square)
supervised term weighting method. In our experiment, we
performed our algorithm on 3,390 documents from social network
and showed an accuracy of 88.79%, which outperformed the
traditional unsupervised and supervised term weighting methods.

Keywords—Emotion, Term  Selection,
Weighting, Human Emotion Recognition

Supervised Term

L INTRODUCTION

In Human Emotion Recognition (HER) [1]. the features in
the algorithms to recognize emotion 1s simular to those human
use to percerve emotion. It 1s a classification technique on given
text according to predefined emotional classes. In English text,
Danisman and Alpkocak [1] proposed Vector Space Model
(VSM) classification to classify the text and achieved 36%
accuracy. For Thai text, Inrak [2] proposed Latent Semantic
Analysis (LSA) to reduce Eigenvector matrix dimension. LSA
can reduce complexity of matrix from meaningless term. This
method offered 50.67% accuracy on Support Vector Machine
(SVM) and 62.67% accuracy on Nawve Bayes (NB)
classification. For Korean language, Cheongjae [3] proposed
the emotional salience to identify relationships between words
and emotions in order to improve term weighting function.
They found 84.24% accuracy on Maximum Entropy (ME)
classification.

In social media like Facebook and Twitter, the users often
express their feelings and emotions on their walls. The writing
styles found are mostly informal and unstructured, especially in
That language. In addition, there exist some vocabularies not
present in the dictionary. To classify emotions from these new
words can be quite challenging. Moreover, we believe that there
may be some discrepancies of emotions perceived by the owner
of that text and by the readers. Therefore, unlike previous
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research where emotions are labeled by a person or multi-
person who initiate the corpus, in this work, we will take into
account the votes from both owners of the texts and the readers
of that text. In addition, we exploit supervised term weighting
method to extract emotional keywords from text and term
selection method to reduce the dimension from high-
dimensional data. Finally, we evaluate our proposed algorithm
with traditional term weighting method.

Feature selection 1s one of the key steps to detect emotions.
Previous research showed the use the stop-words list [1] and
part of speech (POS) [2. 3] to filter words that do not indicate
emotions. When stop-words lists are utilized, it removes
hypothesized text that do not have effects on the meaning of the
whole text. Usually, they are the high frequent words or low
frequent words found in the tramning data. With POS filter, the
part of speech that does not carry mmportant information 1s
removed. This filter often remains Noun, Verb, Adjective and
Adverb. However, both the stop-words list and POS filter have
assumption that removal word 1s meaningless. In our work, we
argue that these predomunant filtering methods may pose some
biases especially when words are not existent i the dictionary.
As a result. 1t could contribute to loss of information. As such.
we propose the use of based-statistical method to identify
occurrences between words and emotions without pre-filtering
stage, combining with supervised term weighting method.

Another important task i emotional keyword extraction 1s
dimension reduction. Main concepts include frequency
analysis, sentence structure analysis, linguistic knowledge, and
part of speech analysis. We chose to employ frequency analysis
1n our work.

Yang and Pedersen [5] proposed term selection that estimate
co-occurrence frequency between term and class such as
Document Frequency (DF), Information Gain (IG), Mutual
Information (MI). Chi-Square (CHI) and Term Strength (TS).
The result showed that IG and CHI are most effective, followed
by DF and TS, then MI. All five term selections were tested on
KNN/LLSF classifier. Wang, Khoshgoftaar and Hulse [6]
proposed feature ranking and feature subset selection
techniques that revealed good classifying power.



The term weighting method can be classified mto two
categories, unsupervised term weighting and supervised term
weighting [7]. The common unsupervised term weighting has
bmary term frequency (¢f) [8], and term frequency-inverse
document frequency (#fidf) [8]. [9]. For supervised term
weighting, Lan et al. [7] proposed term frequency-relevance
frequency weighting (f7/) and compared with traditional term
weighting on various corpus. This term weighting achieved
68% accuracy on SVM classification. Debole and Sebastiam
[10] proposed term weighting by replacing the idf factor with
the metrics that have been used for term selection [5] process
such as information gain, Chi-Square (y%), and gain ratio. The
result of tfig, 'y and fgr 1s 86%. 79% and §1% macro-
averaged F1 on SVM classification. Dai et al. [11] proposed the
improved Chi-Square feature selection to selve many redundant
feature problems. The macro-averaged F1 results of -y° feature
selection were 86.1% on SVM, 87.2% on Decision Tree (C4.5),
90.1% on Rough Set (RS). In our work, we propose to improve
the supervised term weighting by applying Chi-Square feature
selection [11]. The main idea of our new method is a term
weighting by based-threshold d-y” term selection.

In terms of emotion class, we choose six emotions [12];
anger, disgust, fear, joy, sadness, and surprise. The rest of this
paper is orgamized as follows: Section II describes the Term
Extraction and Term Weighting Methods. Section III describes
Framework for text classification. Section IV describes the
Experiment and Evaluation. Finally, Section V describes
Conclusion and Future Work.

II. TERM EXTRACTION

A. Preprocessing

The focus of our work is to identify emotions from texts
found in social network. Therefore, the first step is to
preprocess the data by transforming the crawled strings of
characters to formal language. Then, we segment the formal
language texts into terms before classifying them in the next
steps.

B. Traditional term weighting method
In traditional term weighting method, document 1s
segmented into terms [1]. Each term 1s added into a set of terms
shown in (1)
T = {tlJtZ'th"'-tm} O‘)
where T is set of term. t; 15 j% term and m 1s number of term
value. All documents are represented in (2)

D ={d;,d;,ds, ..., dy} ()]

where D 1s set of document, d; is i document and ¥ is number
of documents. They are transformed to text representation
method in Vector Space Model (VSM) [1]. Each term of
document is represented by term weighting in (3)
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‘_31,!' = (W1, Wiz, Wig, e, Wiz ) (3)

= . - - #
where d, is i document vector, w;; is j® term weight on i®
document. Their vector is presented m (4) [1].

dl Wy Wi Wiz Wy,

dy | wy Wy Wy o Wy |

d, Cwn own wy Wy, @)
_d}._ Wy W oWy Wy |

1) Unsupervised Term Weighting Method

All terms of documents are represented by term weighting
in VSM. Unsupervised term weighting measures the
importance of this term and denotes how much this term
distributes in the document. Example of unsupervised term
weighting is binary, term frequency (#f). nverse document
frequency (idf) and tfidf. f'1s number of term in document. igf
1s inverse number of document that term appears at least once.
Then #idf 1s combined by term frequency and mverse number
of document #idf weighting 1s presented i (5)

. ) N
Werar(dity) = tf(d; ty) % log (Wt_})) (5)
This equation 1s ifidf weighting method where n(t;) 1s
number of document that j© term appears in at least once. ¥ is
total number of documents mn the tramning data.

2) Supervised Term Weighting Method

Supervised term weighting method analyzes the tramning data
and produces co-occurrence frequency between term and
emotion. Most of supervised term weighting are applied from
term selection methods [10]. In traditional supervised term
weighting method. tf 77 estimates occurrence of positive emotion
of text compare with occurrence of negative emotion of text. The
tif-ig measures the entropy vanation between the presence and
the absence of terms in a document while the 73> measures the
lack of independence between term and emotion. If #f 3% value 15
zero, term and emotion are imndependence.

L‘Hs‘uparv!'sed (tj' d:-, ek] = tf(tj' ﬂ‘) X I'ﬁ‘.‘uperuised (tj’ ek) {6]
Equation (6) 1s a general equation of supervised term weighting.

Then, Wy, vuealty ) 15 replaced with equation (7)-(9) and (12) as
follows:



Pt 8, )"
———

—FPls) x logPle,) +

Witio = |p(5) x P(selsy) xlogPleglty) + P(5) x Ple|E) xlog2(er]5) ()

o x [Pley ) % P5,8) = 2(5,8) x P )] ©)

Wz = P(z) XP(5)  Ple,) X P(5,)

For equations (7)-(9). P(t;, e;.) 1s probability of documents that
contamns term f; that belongs to emotion e,. P(f; &) 1s
probability of documents that contains term ¢; that does not
belong to emotion ey, P{Ej, ek) 1s probability of documents that
does not contain term t; that belongs to emotion ey. P(E, ék) 1s
probability of documents that does not contain term t; that does
not belong to emotion e. N is total number of document.

W(d;, t;)

m [Wz(d t-}] (10)

N =1 i

W’\-‘avmﬂh}zsd(d:‘: t ) =

For equation (10). W(d;, t;) is t; term weight on document,
d;. Wyormatizea (di, t7) 15 the t; term normalized weight on
documents, d;. j 1s j© order of term. m 1s number of term. Term
weight normalization [1] is applied from cosine normalization
to limit the term weight range between 0 and 1. This method
can elimmnate or prevent bias towards the document length
effect.

C. Propose New Supervised Term Weighting Method

In this section. we propose new supervised term weighting
method. This method places higher weight on terms that have
matching emotions between owner and readers and that the
terms are selected by human (readers.)

Owner Reader

Document

Figure 1. Supervised methods between owner and readers

In Equation (11). P(Tj, E;) is probability of human selected
term T; with matched emotion Ej. P(?},ET() 1s probability of
human selected term T; with no matced emotion, Ej,. P{?_} E‘;,)
1s probability of terms not selected by human T; and matched
emotion Ey. P(T,,E;) is probability of terms not selected by
human T; with no matched emotion Ey. N 15 tofal number of
training documents. Then, we propose the based-thresheld 5-3°
term selection for term weighting.
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Figure 2. good classified term (left) and poor classified term
(right)

Fig. 2 shows the nature of good and poor classified terms.
Good  classified term occurs when P(T.E)x P(T.E)>
P(T.E) x P(T.Ex) and poor classified term occurs when
P(T.E,) % P(T, E;) = P(T,.E;) % P(T.E,). Then, we propose the
based-threshold term selection for term weighting with equation
(11) as follows:

6:{]"
0.

ch.ﬁ—xz .
8 x v x [P(T, B) % P(T.5) — (1, B2) % P(T.E)[* (12)
P(1;) = B(T) % P(E) % P(EY)

Ematon(E)|

P E

2(1,5) x F(LE) ~P(0.E) x2(T,5) >0 (11)
2(1,5) x (T ) — P(T,55) % P(T,5) <0

=tf

For equation (11), Case § = 1 1f p(1,5) xP(T.E) -
P(1.E) x P(T\Ex) = 0 and Case § = 0 if P(T.8) x P(T.E) -
P(T.E;) % P(T, ;) =0. The & value indicates whether term (7;) 15
good or poor. For equation (12), § value 1s combmed with
traditional ¥* term weighting. Therefore, this equation is a term
weighting by based-threshold é-3° term selection. Then, we
present term weighting difference between 3 and #6-° in
TABLE I-1I as follows:

TABLE [ EESULT TERM WEIGHTING OF TF.CHI-SQUARE

‘Ward
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TABLE II. RESULT TERM WEIGHTING OF TF.DELTA-CHI-SQUARE
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III. METHODOLOGY

The system 1s composed of two sections; the training, and
the testing.

A. Data Training Section

Sochl Netwark

1

2

Figure 3. Framework for text classification

Data Crawiing

Documents were crawled from social network such
as Facebook and Pantip. Number of documents is
4286 documents. Each document was obtained from
one comment or post on soctal network.

Labeling

Persons were asked to label the closest emotion
class for document. The choices are joy, fear. surprise,
sadness, disgust, anger, neutral and others.
Participants were separated into two groups. First
group was the owners of the posts, comprising of 50
persons and second group was 50 persons who are the
readers of the posts. Both groups were asked to select
emotion labels. In addition. readers were asked to
select emotional word from the documents. The user
interface 1s shown in Fig. 4-5
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Figure 4. User interface for emotion labeling
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Figure 5. User interface for emotion term labeling

Text Selection

We selected documents which have the highest
emotion voting scores. Documents in the training set
must have the same three or four emotion votes from
human while documents 1n the testing set must have
the same four emotion votes from human.

Word Segmentation

Documents were segmented into words. We used
TLex [13] Program using Conditional Random Fields
(CRFs) algorithm. Then, each word was transformed
to Bag of Word (BoW).

Term Selection

Since the data had high dimension of words, we
performed word selection by word-emotion relevance
scoring. We selected DF., IG. ¥* and &-%° term
selection for our experiment. These words are ranked
by feature subset selection techniques

Term Weighting

The documents were transformed to BoW using
Vector Space Model (VSM). Each word was assigned
with term weights related to emotion. We chose
Buaty, of tfidf. f1f fig. fy’ and fé-f term

weighting mechanism.

Muodel Training

The final step of data training section was model
training with the probability density function for a
normal Gaussian distribution [14] ( g(x; W, @)). We
present n equation (13) as follows:

(x—pe)®
. _ 1 gz (13)
g(x; e 0,) = Ner 2 2042

X s value ofterm t;
U 15 mean of X value
O 15 standard deviation of X value



B. Data Testing Section

1) Classification

Classification model predicted the unlabeled emotion
document from the training model. We utilized WEKA [15] to
predict document with Naive Bayes algorithm. The equation
can be written as follow:

m
eyp = argmax<{ P(e;) | | P(;]e;) a4
g€ E L
j=1

eng is predicted emotion with Naive Bayes algorithm.
P(e;) is probability of document belong to i® emotion.

P (t}- |81-) is probability of document contain j 0 term given
i™ emotion.

m 1s number of term value.

E 1s set of emotion class.
{ jov. fear, surprise, sadness, disgust, anger }

For equation (14), Naive Bayes algorithm [14] 1s a simple
probabilistic classifier based on applying Bayes's theorem with
ndependence term assumptions.

2)  Evaluation
System performance was measured using the K-fold cross
validation and accuracy to test the dataset. Then, accuracy was
a proportion number of document that 1s correctly classified and
total number of test document in (15).

# Document correctly classified

Accuracy =
YO # Total Test Document

x 100 (15)

IV. EXPERIMENT AND EVALUATION

We performed experiment using a text collection from social
network. As mentioned above, the total number of document
was 4 286 documents from document’s owner and reader of 100
persons. We started to collect documents from 8 October 2012
to 6 November 2012 wsing a PC Computer, CPU AMD
Phenom(tm) II X6 1075T Processor 3.75GHz, RAM 4GB.
Emotion class was joy, fear, surprise, sadness, disgust, anger.
We used WEKA [15]. an open-source machine learming
program to text classification. Then, we selected Naive Bayes
classification [14] and used default setting. The result of k-fold
cross validation and accuracy of the each ranked n® term are
presented in TABLE I-I1T and in FIGURE 6.

TABLE IIL RESULT oF K-FOLD CROSS VALIDATION IN DIFFERENT TERM
WEIGHTING

Term Weighting
K-folds _
o oy
4 63.69% 74.31%
7 63.27% 76.58%
10 64.33% 75.31%
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TABLE III. summanzes K-fold cross validation from
different term weighting methods. The results indicate that the
performance of #6-y3* term weighting method 15 supertor than
the #y® term weighting method with the accuracy of 76.58%.

TABLE IV. RESULT ACCURACY OF DIFFERENT TERM WEIGHTING IN EACH
RANKED N™ TERM

Tenn Number of n® Ranked Term
| Weightin
z 10 40 160 640 2560 4260
Binary 2744 3510 46.90 4897 3015 51.03
mary % % % % % %
i 28901 3717 4308 4536 4956 51.33
% % % % % %
ifidf 27.14 36.28 £6.31 51.03 4779 47.79
A % % % o % Y
22.00 3245 36.58 4454 3192 5221
grf -, A K % % %
ifig 33.00 51.33 68.73 493 8024 81.42
8 E % % % % %
7 342 48.00 68.00 6.70 2129 8083
R % % % % % %
- 343 3 7 3 7
iy ‘ )-1nn_1 | 3 n.:EIU 6 nI;EIU Siiol) EEGE 9
100.00
90.00
80.00
70.00
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50.00 -
4000
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FIGURE 6. RESULT ACCURACY OF EACH RANKED N TERM IN
DIFFERENT TERM WEIGHTING

TABLE IV and Fig. 6. summarize accuracy of different term
weighting methods i n® rank word. The result indicates that
accuracy of each term weighting is constant at 640%-2560% rank
words. The best accuracy point on ' 4-3* weighting with Naive
Bayes classification 1s 88.79%.



TABLE V_RESULT ACCURACY OF DIFFERENT TERM WEIGHTING IN EACH TEXT
COLLECTION

) Term Weighting
Text Collection _ —
oy féy
Facebook 80.68% 84.09%
Pantip 79.60% 89.77%

TABLE V. summanzes the accuracy of different term
weighting methods in each text collection. The #d-¢* term
weighting method is superior to the 173 term weighting method,
approximately 3.41% on Facebook and 10.17% on Pantip text
collection. The results reveal that the proposed method
outperforms the traditional method on Facebook and Pantip text
collection.

V. CONCLUSION AND FUTURE WORK

In tlus paper, we propose 6-Chi-Square supervised term
weighting (£'d-y%). Our method indicates that term weighting
which selected by based-threshold d-y° term selection can
improve classification performance. In addition. we propose
ranking and feature subset selection techniques. The results
show classification accuracy of 640%-2560® rank words to be
equivalent to the classification aceuracy of 4260 words.

Finally, the proposed &-Chi-Square supervised term
weighting (#f.6-3°) outperforms other term weighting methods
mcluding traditional Chi-Square supervised term weighting
method. However our proposed method requires large training
data set.
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