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Data collection from various channels on the internet, especially social
networks, is becoming an increasingly common practice amongst businesses.
Companies conducting any form of marketing research will find valuable insights and
gain a deeper understanding of their consumers through collecting data. Any company
able to collect and effectively analyze the most consumer data will therefore gain a
significant competitive advantage. There are a variety of factors that affect consumer
behavior. One of the most important factors is gender, which is a key determinant of
consumer behavior. In the collection of gender data from social networks in Thailand, a
popular method of distinguishing gender of different texts can be done through analysis
of suffixes such as "Krub" for males or "Ka" for females, or from pronouns such as "Phom"
for males or "Di-Chan" for females. From the research, it was found that only 30% of the
studied texts contained gender-related suffixes or pronouns. It stands to reason that if
the remaining 70% of texts that do not use contemporary gender-related suffixes or
pronouns could be adequately analyzed, it presents an attractive opportunity to gain a
competitive advantage in consumer-targeted marketing. This research proposes that the
gender classification method of Thai comment texts, through the application of natural
language processing techniques and supplemented with machine learning models, with

an accuracy of 79.04%.

Keyword : Gender classification, Natural Language Processing, Feature extraction,

Machine learning, Thai comment texts
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N197IN19RAIARIUYAAA (Personalized marketing) 91l uAgn1sninnisaaIaneey
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anfudesiauaduiuazinisuuunaiuliiuynawmdeaunisaaianuui ussandull

atndednisreanguguitnandudunewintdu daluniafiudeyaesusinald
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TauningaaiiuqaBuaund1Atygniunimnszinguius e e i languiusinai

u q u

WTuunesaldl

1
& = v
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nEuardu) Asliarnismin llAnszvivnnguidunneldeteisiaantsld iWununaes
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P = 1%

NUIRANNAUNNTALUNTaadIuyARaTaNEI T uANWAIIwTade AN TEUATIY

o o v J o

WU (Author's Profiling) &9M7imnagiuiueusunisauundayadiuynna Aa Avagly

u

v :I/ 1 % 1 o 1 1 |dl ¥ A -&y a
ap Nty Tdanusauenliuidadndunaarls angwinls nrwuainldvsedaaifasls

%amer;mmmmﬁmmafﬂ-i’muﬂ%mmﬂizm‘w%uj ¥ N19ALUNANTNAL (Sentiment

Analysis) NAusiazAIaziansnnl ANiAnaedANag UL YTENITANUBNUNIANLLD

D

v
s o

daAau (Text Categorization) filANa1N1savanladdanantue aglunuanugesls
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dusu dmiuaudiunisanuundayadiuyanalunim naiudeldidununinans
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A o ¥ 1 &
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v o Y dl ] Y o | dgj 1 QI = (=1 a e 2] a
gasuanunlidesnldlaldamanis naannzadetisluls@aainagsn wu waija vam
& a & A [~3 I8 1 dl o ¥ o dl 1 d‘ 9 o Ay
mas auan1funan veeiiuuefasiie deinldannldidunianig sefRdunudiidanany
~ R o = ° L e
WNEN 30% Wit Nanunsnsz AT aiauaInA A ils
dl 1 Y U (=3 7 o £ 1 ?/ Y =S

anniinananndduaziiuladinisduundeyadiuyanatiy d19a1819059
iayananiuaanuile azvinliaiuisnvrdayadullldlinndselaad ldinasusanu
nasaatamtiu wianasnin I g lwnndseTaailudqusine anuanung inszisaz
aunsniidayamailifinssinganssnvespuludanusalaon vinliiiand svmunlu
% 1 nl dg/ o o a o d” 9 o Y ) acl o v
Ausinee) NnEeauly drnduluanuideil fadefaenisiiaueden e wunInATeE\ T
daprnuansmnAniulunim ng Iaaldnisannanidneouy (Features Extraction) a1n
FaANNUAAIANNAAIULLAL T ARURN FINALNNTA5UULANAR9EUTLN3AuUN Tg
IdmatiAn 19381 1891A789 (Machine Learning techniques) WazMATANITUIENIANS

N189901R (Natural Language Processing techniques)

TngUszasArasnulag
dl = ¥ a = 1% dl 1 o a
1. WeAnEuazlszgns IEimANANI9EUI109ATRNFINALL ATANNTLIENIANA
NIBIFIINENER A1NFUNIFAFIULTANADINIFTATUUNIN ATANET e U AN LAAIAIIN
a =3 = & Aas
AL I RALIn N
dl =2 ¥ a a o [ o
2. iaAnELaziseena MnATANITUIENIANANIHI1999NTNF G19FUNNTAN A

ADIANHIUZAINTRANLAASANAAILLIL T ALTRLR N

UDLILUAUDINIGTINE

1. fayadiiddmsunisise iudernuuansanadaiiulunisngannuivlas
WunAn lidaandn 50,000 daANRAAIAMNAATUAIUTLLINATIE LAY 50,000 TaA2W
WAAIANAAIUATMTULWANLLS soureaulaitionndn 100,000 FaALARIANNAALTIL

2. mpdlannsFauaaaeiesiilddruiunisairsuundiaesnisdnuun 3 mada

Iun Logistic Regression, Naive Bayes LLlag Random Forest



3. MAtn13dndsz@nsninsasadndss@nsnin 4 A1 laun Accuracy, Precision,
Recall Lla¥ F1 score
28N19ALURINUIREY

a o . . dl dl v
1, NUNIUITINTINLAZINUIRE (Literature Review) MiNendag
3 dl A dl %3 a KR o a o
2. AnmATaaNaNuareanaaniazinin 14 lanuaas
3. iiudayaildluwanuiey
ax Ao AN et Ao o a %
4. NARBIITNITIN AN IFANHINIANIUAITENLAEII TR
5. AN LATNAABUANHN INaNmNIN LT ENTAINI99113NE)

6. 1Ay Uszilunalazagiuanisiae

anuAgulunisiae
a a ¥ o o Y a (=3 =
1 ANANT LAz INAT 8 Ngld AN AN I ud AN LansANAA LT ULU T T e A
(=3 a 6 d‘ 1 o =< o v k% a =l v d‘ a
AR uAnaeiu At liannsa ldimallAn s Feui1e4A7949 LasinAllA299N19
UszNIANANIHEITNTINE WA BN AT T tuT D A NLAAIAN AR LS
a a ¥ o 12 a (=3 =)
2. wAviaiazinatiainisldsUuuuresAn ludaninuwanipnananivuulnmes
(=3 a s dl 1 o = o v ¥ a = v dl a
WaRsnuanaeiu aminliaiunsaldimaliaAn s FauiaedaInd LasinAllnge9nis
UszNaanaNIHIBIINT A ATWWNIN ATEIE T tuda A NIARI AN ARLTIW LA
a = Y a o Y a =3 =
3. IWANCJSLAZIWATS 8NN T M rianasAn ludaaunaniauAn AL LTS T a
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1. 4131704 LU A9 beaneuwdse asatl Tl lunisanunmArudaniy
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Tald 1l ss Tammaanisasaua s Wi usalil 1 N15988NINAIUNITAAA N19IaE
W ANITHIRIUWARZINA (U
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lun93dafall {RsuldAnwenaisuazauidenineades wazlauiauaniy
Wadasialii
1. N9UsEHIANANHIFITNTA
- ANHUANENTBINTlEN ST WA SUa TN
a = 1 d‘ o o o dl a o

. wAtiANN9FEuiraaATasdmIuNIsauLNT 14l uise

aal o a a dl ¥ a a2 o

. AEnedpdsc@nsnimaniniamaaesi dUssiiunanisiey

1
o a ¥

ANENNe T8

o~ 0w N

N15UszIANANIENETTNGR

n13UsENaNaN1®1997N TR (Natural Language Processing: NLP) Au18If4
NITLAIUNNIIATZIATLIzNaNaN19AUNE TnenisvinTirenRamesidn lantmuywe
waza1unraun lddssunanasals nsANEINITUsTNIANANIHIEIINTI R ANN1TDLLN
aanlalu 7 3Al A9l (Jurafsky & Martin, 2000; Liddy, 2001)
1. nsane lun1esdnArans (Phonology) Af NNANEILAZIIATIZAE9TR9
Ny lianunue
=3 o aa A =® a [ ] o dl
2. nMaAnE luszALIAINNA (Morphology) Af NIIANEILAZALATIZYUIE AT
& o A
LANNGANNAITNUNIE (Morpheme)
3. nrsAnE TuseALUag ANl (Lexical) AR N13ANMILAZIATIEHANTNNE
a199A11laA (the meaning of individual words) wazaHA89A (part of speech)
=2 o o o o . A = a o
4. n19AnE11KIzALINNEdUNUE (Syntactic) AR NITANEILASZILATNLY
Tasaainerealsyluauaznglaannsal (grammatical structure)
5. N3AN®1 MU AURIIDANERAT (Semantic) A8 NIIANHILATAATIZHLZUN
2a9ALAZANTNNET89A WUseTaA (the meanings of a sentence)
= o a . 2 = a -
6. N13AN®1IuTzALLTaLaN (Discourse) AB NIFANHILAZILATIZHAINN
4 . L
wanleauazrgneiuuesidiaAlsslan
=8 o o a wa . A = 2 Y &
7. nsAnw lusyaudaul i@ (Pragmatics) Aa n1sRAINd AN ALY

ANTHANIEITLAUANATNLFLN



AABENINF LTI UTTUU L SENIRNANI 15950 H (Natural Language
Processing Applications)

o v g .
. N1FALUNLRAINH (Text classification)

—_

. n9agUlapanugdnAny (Text summarization)

. n1gutdanis (Machine translation)

. NTAUAUANTANA (Information retrieval)

. NTANAAL (Question answering)

. N3anaLAenyyAdas TR (Automatic speech recognition)
>

- msutlasdaaanliiiui@eanyn (Text-to-speech)

. N13aRaFEN19E (Optical character recognition)

© 0O N oo o »~ wu N

. Nwieasdamqns (Text mining)

WARANISUTENIRNANIHIETTNTR
dmiuenaseiasfunisinmaiianislszinananiess uaann 4 lunne
FUUNTRANN ANTUT LA LA U9 eNAsEN1ed i e audas (Dalal & Zaveri,
2011: A2ATAT. 2010) Fanmisyney 1 SeilmeaziBansl
1. %umumﬁmm%m?@g@ (pre-processing) 141 N1TAAAN (word
segmentation) mﬁ?ﬁ’ﬁmﬁﬁﬂﬂm (stop-word list removal) N13UNFINANT (stemming)
2. %umummﬁmqmﬁnwmz Lﬂumﬂﬂﬁﬂmﬁ’@mmﬁlﬁmﬂugﬂmmLfmuﬂ@ﬁ“
3. %umumﬂ?mﬂLLuufimmmafﬁ‘ﬂuﬁmmLﬂ?'m (machine learning

o o o

models selection) ANMFUN1TALUNTBAINN

4. Fupeunisinaauuaz sz ul sz AN NN 1e9uL LS9 09 (model
training and evaluation)

5. ﬂi:umumiﬁﬂLmuﬁmmiﬂﬂimﬁumﬁum%’@g@mM@u (model

testing)



Training set of text documents

l

Apply pre-processing
(remove stop-words, stemming, removing HTML
tags etc.)

Extract features
(using either TF-IDF, LSI, Multiword etc.)

Select appropriate Machine Learning model for
classification
(Naive Bayes, Decision Tree, Neural Network,
Support Vector Machine, Hybrid approach etc.)

Train classifier

Test classifier using trained model

A tsznan 1 hdnsiunaunisanwndamd N ine ldmnatian1an1unislssnnaca

NIHIBIINTNALALINATANT TN UDLATE
N : (Dalal & Zaveri, 2011)

a4 AN9INIHIANERTARNAUALT WIRNIHIANGAFITIA1UIL (Computational
. e = < o = = Lt - a
Linguistics) 1 14aNURIANBNAZHANITFENAALAUALNIUIZNIANAN1HEITNTNR T

v £
o o o A

waTIudaAisaasAll A N swanaaiulud udngUscaadaeanisfnmn

MEANERTAANANAD TR ITWN2ANEINNFLAN AN ERFIae IEAanRama TNt 1
N3ANET AZIIUNIIMIAIRALNNAUNIEIANART HuAdsTayauazTunanwatinAans
dounstlszanananimsssntiAtuaziulifni i lieeniawmefidrlan v snyeel

LL@zﬁwﬁﬁﬁmammLmumgw’ (Tsujii, 2011)

AYINWANFINTBINS FENTHITENTNNANY IS TN
A o d‘ ai o ¥ a 1 4 o di dl ¥
wArRaadenian IiAnANLANFAI9T89n13 1 EN 111 SuillesnnannIs g
% a A G dl v a v azdld a
NIEFBINTUAAIANNTIUMIYTT 8 IBeAULeY WFeaIaLe liiantsaauTFeqdnEL]
ANANUSAVLANNNATDIAULDY LT LNANEIID1AADINTT I AaUN U IEN 19791940 N

1 dl a £
aaulau 1asanaueuwaus udu



W Asedd wazdaunn luA3ds (Crosby & Nyquist, 1977) lavinnisansnisld

NENVBLUNARINATNANNAIUIBGaABN DTN AT B kAW AN TN 1 Iuensng

[

UM NANINEIAN WU UWARGIRNTIEN 1A LAnFAa NN AT il T e e
o [ % dd‘d ¥ 1 = ¥ 1 A
grary unsininsldnnesnaiuntanisuaziaonnegnresnisidn maninne nanne

A nuAnseEesnalunsldn sivauer futsunaesnisldniwniu dae

1
v 1

AMFUNNEN INAUTUANLAN AN NN BTN AT B LA IN AU A et

TALRUAAD ATTNUNNN ITLANILINA 11 NN NTLRHN FIUTUINATIE LATOU ADU UUEINTU

k1]

L
-

IWAREDN YiTaANaing AFL dufineane Az Ar dmsuwand)e s (UsrAnsigaug,
2545)
ArusunnsAnEANLANFNaINIT N TunAndsua s aTa lunt s ne
?/ v ¥ o = v | a a A A ¥ o =2
W laRgan1sdnen lduanavinu anfiu diisn anles (aidaes, 2555) laninisans
1% aa a =S % ¥ :j/ a”
nsldnimaesl@nnangauazinagieg aannisdane lawugtluuunisldniwisdu 10
stuuy lnendugilunuaaawasis 3 gUuuuwaziwAnds 7 gUuuy deuansliiiunamniy
WANGINITANNIT LN HNURIWANTIS LA SN AT
a e R | [ 1
Anefad AANes (ANANAY, 2558) IAANKHIANNLANFAIITRINIT N BN 12NN A
ez nangeuuaia wudtaeialinisldnimiaesiamarisuasinAandsi A
¥ =K o = % dl a ¥ o ! dld 1 1 <
AANEIARINU LazH LW [HNNAZ AN N B LLILLANENIANY AOUNHANNUANFNIBLINLTTY
Y o ' ¥ a A ¥ o s =R
ladnsznanenisldnimaaawandauaziweatne Aa n1sldainaniansuninauidn lag

o

iwAnenRNs dANuantANiuiue douwasesin A nuansnanNgLuss

[ %

1N wswgatyn1e (WMIwgitynng, 2562) 1&Anns 4T esfiani 03N
N ‘Emﬂwud’]LWﬁmﬂmmm@“ﬁmﬁ?ﬁlaﬁLﬂugﬂﬁiﬁ‘ﬂé’mmdqmequ sl,ummﬁﬁwmmja
dnunsniazadLedeiluunusssyldunnndnneTs

g9 1995708 (Hegwasdn (Heswasdnd, 2558) T4TnsAnmnislddes Auan
ANNASLA (Hedging Words) ¥y wmfﬂmequﬁmﬂ%’ﬁfaﬂﬁ'ummﬂf;fmﬁuelﬂmnﬂfhmﬁ

1 lurnuzimetnaas lddaaauansaanu lddislaninnd A

WATANISIFEUSTRIATAIAIUTUNITIUUNA LT LUaWIAE
n19a1uun (Classification) i uniielumainAn193aui1091A389 (Machine

learning) Usztnnnisizaufuuudfaais (Supervised learning) FvanilusasilAnnaugniy

1 1 v
WidanainulaEausnaunaztinnuuaiaasnliallldluntsanunsaly g1usuluaudsaile

ET)



& oo ax A aa ¥o o ° o a= )y Lo . .
wenldeanesnunduntanlddmiunisanuun 3 6ana3nu ba Logistic regression, Naive
Bayes a2 Random Forest (Miller & Guido, 2016)
Logistic regression
#1915 Logistic regression 1 1umANARIMFLUN1IMUNLY AN TINAANT
a d” 1 1 o o a R dsj 1 g A o

raunpiiatiaglugtrasaiisitazitlu nisvinmuresdanesnutazudadu 2 Tunaune vin
N19ATUIEU Linear combination 484 input AL parameter 484 model ANUUUILAANTAIN
TULINNIATUIRL Sigmoid function (0) Aagnnng (1) leeanuduaauiiazidunazidul
ANTEUING 0 D19 1

1 A .
p(y = ka) = m Wa k € { 1,+1} (1)

Tpe?

p(y = k|x) fRefrpanuiiazi y aziilupana k ilafiouls x

1.0

08

0.4

02

0p

w X

AnsEnay 2 NTNLAASHAANET LAa1N Sigmoid function

Naive Bayes

WALA Naive Bayes Huazlduannisatuanimanutiazidu Inalddenizandn

quizhf]“nmmﬂ‘(Bayes theorem) AYANNT (2)

p(x|y)p(y)

p(y|x) = T o) ()



Tpe?

o

p(y]x) Rerrpnuinaziluidayaiilsaudladu X aziinana y

u

p(x|y) Resrpnuinaziluidayaiiinana Y waslifuls X

u

b

e x = X1 N Xy N ... N Xy 089 n AaauudauLs
p(y) Aeadmnuhaziiluaesaana y
p(x) Aedrpnuihazduaesdiauls X

o

wiaInnssauls X = X1 N Xy N ... N Xpasfialusouiuniy a1aay

IS4 A 1 o ﬁ =® % a dl 1 o/ 1 o |d?/ 1 o o % a
Nrfeaviraunuluflias mumﬂmuumgmmnmLLﬂiLLm:mimumaﬂu M FaIuID Y

]
=S

aunz p(x|y) ndls fsaunns (3) Faugunisilddwsumaiia Naive Bayes il

p(x|y) = p(x1ly) X p(xzly) X ... X p(xnly) (3)

Random Forest
a tdl o ‘j’ [ % a xR . o o
Lﬂumﬂuﬂmwmmmmﬁﬂ@@nmwu Decision Tree IMﬂLﬂUﬂW?uWLLUU@W@'ﬂG
] ¥
Decision Tree #8187 wuLA1a8eN1 MU efaniy Seusazuuuanaesivaglddasganas
o/ dl o v K 1 A o o 9:/ = o 4 dl b2
@maﬂHMZV]uWN’]Zﬁ'NLLUU@W@@Q1§JLMM@UT’]H ummﬂuummm@mimu’mmimmn

LUUANABINNYINNNFAIAZILY (Voting) Walilakaansgaine Aanwilsznay 3

Bootstrap Feature Randomness

Raw Data Sample & Decision Tree Ensemble
( ‘ |
* ” T aeci
& e _® = o [
( ) L}
2 —_— — & ? -
| o (7]

’ - T aea

ANWUTENaU 3 N19INNNIUIAIBANEINN Random Forest
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3anevnissAndnnrasnsnaaasildilssi funanisiae

Confusion Matrix ({148 nuia3s A Alun129a1ls2dnE AN LLLS 1aa9N1T U
g sudeyninisanuun Tmm’jLLmﬁmﬁfaﬂ’]iﬁuﬁf]uquﬂ%zﬁméﬁm%ﬁLLuﬂﬂ@:mwgmmz
N193UNUTZNNEATDIWE LAzl sy (Class) Aanndsznay 4 %4 Confusion Matrix i

Y v dl A [ £ O dl al
azlidayannainuataldivesuAa1AaINgnsias (Accuracy) wigaiAau Bn Inelu

e w22

[ %

NUARBUUANAINAIANYNFABILAL axldan 3 Arlun19dntsz@nBn naaulLaaes

=D,

laun Precision, Recall WaY F1Score

Actual Values

Positive (1) Negative (0)

Positive (1) TP FP

Negative (0) FN N

Predicted Values

Nilsznadl 4 Confusion Matrix AUNA 2x2

Accuracy
Aa NednavNgnaesaediiea TnaldnaiaunadnsnisvinuiaiuAazadnd

mmqmﬁmwﬁii AYANNIT (4)

Accur _ (TP+TN) ,
CCUTACY = Tp+TN+FP+FN) @

Taeri

True Positive (TP) Aa AsTilUsunsusinunedn 43¢ uae dandu “a3e”
True Negative (TN) A2 AT Tsunansinungdn “ldase uay e “liase”
False Positive (FP) A ARlUsunausinunedn “a3e’ s e “liase

False Negative (FN) Aia dsildsunsnyinunedn “laiase” uws Janidi “ase”
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Precision
A %3 £ 1 dl o 1 a £ 1
AR mmmmmqnmwmimm ‘Emﬂmmwﬁmmmmmwm Qﬂﬁﬂ’ﬂ\imﬂﬁ‘

AANNIT (5)

.. TP
Precision = ——— (5)
(TP+FP)

Recall
A [ £ 1 dl o 1 a o 1
AR mmmmmgﬂmw@ﬂmm@ Tmmmwimmmmmwm Lﬂu@lﬁl‘j‘ﬁ@'}u

Wi 191899399 IUNA AIZNNT (6)

TP
Recall = m (6)

F1 score

A ANeAtLLUEN I EATE I precision kA recall AYANNT (7)

PrecisionXRecall
Fl1=2X (7)

(Precision+Recall)

ULV D
A A1 . v o .

ANINUNIUITIUNTINAAINUAR T TANINI9AN IR AN TaIA LN LN
v ] v a = A v [~3 [3 a
1R AFIUYAARYBIEIEUAININUITEUYTATDAIN LUWALUASN (Web blog) wazlaimea
Wandnlunimima LAZINWAITEN AL ITAIAUNITW A WM AT ANITUILHIANA
NNEBIFNTINRAUIUN Il
1.UNAIINTNT LT84 Improving Gender Classification of Blog Authors
. . 2 Aa 'S o 1= o =
(Mukherjee & Liu, 2010) 4NN Waanu1s1wsl 2010 wazeamaLily state-of-the-art AU04
o dgl L o Y o ' adal o v [ % [~3
NNFUT A LAY NI UIAEN1IUUNIN AT EULNAIN NN B LWL
YAANAIWIL 3,100 HBULADN WUNTRALUADNTDUNATILA11WI 1,588 WHLUADN WAZLIL
uRanuauwAnanau 1,512 Buuden leelaunauamaiinlud 2 waila ldun madia

nisanmARAN TRl U uLL189THA189AN (part-of-speech pattern features) UazinAlANIg
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IRBNANMANHIZLLULAIATIN (ensemble of feature selection) équﬁuamzﬁvﬂwmzéuj an4
LU Ae A1AdNTTaae9An (Frequency Measure) 31411289/ (Stylistic Features)
gﬂLL‘Ll‘Ll“ﬂﬂx‘lmﬂ%ﬁW LRNZURILFIAZLWA (Gender Preferential Features) LAZNIFIATIZN
tTadauazaiaUa3IAn (Factor Analysis and Word Classes) @2unsutasdanain oy
nAmefiuldas TF (Term Frequency) AU T 459 UL LA AN IR LU N A B
dana3Nu Naive Bayes, SVM classification W&z SVM regression LA A1IAIINYNEA D
73.57%, 86.24%, 88.56% HNNANAL

2. UNA21uA48 13049 Gender Classification with Deep Learning (Bartle &
Zheng, 2015) lau1tauanisldeanasina  Windowed Recurrent Convolution Neural
Network (WRCNN) #195LIN133UBNIN AL ULN AINAT 89N B UUALUARN UAY
ilsdedasAnassdl 19 uag 20 ‘ﬁrflummﬁqnqw Tnevinnaufseudaulsz@nsninnis
AWUNINATBIFITIY AL LLILSa993uaN 5 i ldWA Bag of Words with SVM, Average
Embedding with single hidden layer network, paragraph2vec with SVM %Iq i u start-of-
the-art 2494 document classification Tummzﬁu wazlFaue Uy POS features with SVM
293 Mukherjee waz Liu, 2010 TnaliA1AMugnaadnes WRCNN 44014 86% ilusaqiieaua
POS features with SVM i

3. UNAINNIRE Ld":;‘lm Twitter Author Profiling Using Word Embeddings and
Logistic Regression (Akhtyamova, Cardiff, & Ignatov, 2017) dntauanisld pre-train
model ig¥19ansanedia word2vec 1ngl pre-train model finnstintluanndananuluvan
waf ielddmsunisulasdernuiunnmes 3¢l8TnmaaeIn1s e LTI aBeF M5
NIFRUBNNATBIFITUULNAINN IRURNITNARINAINUAIEEANEINY 111 Random
Forest, Linear Regression, Naive Bayes, SVMs LL@::%Iuj ALIRAMNLUNIALADS 4 N 1B
Idun nadange namaly naellesina uaznimieisin ORI ER b8
uluganniigeaeusnsiaasfiafresandanedfiu Logistic Regression Tnsidiannugniesgs
ﬁqmlu%mmmmﬁmqmﬁ 74.46%

4. UNAINATE e Using TF-IDF n-gram and Word Embedding Cluster
Ensembles for Author Profiling (Poulston, Waseem, & Stevenson, 2017) 1AUNAURITNT
AFINULUAIA8INIFALUN WALl uaINdaA N LUNdaLAas 4 N1wn laun

=

nEdange naealy nsllesing uaznimensiin Ineldiinisinaueienld 2 3ane
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N34 TF-IDF n—grams AU8ana3Nu Logistic regression kazanisAa n15hd word

embedding clusters i1l Gaussian process classifier Wg9a 2 aﬁﬁiﬁmm’mgﬂﬁ@wm

LL‘]_l‘Llfﬂfmmm‘i‘-i’ﬁLLuﬂLWﬂmnﬁ@m@ﬁﬁm‘wﬂﬂmmm Tmﬂﬁmmmgﬂﬁmﬁ 82.6% LAY
83.9% ANAIAL

5. uwmqquﬁﬁﬂﬁl‘m Word Unigram Weighing for Author Profiling (Veenhoven,

Snijders, Hall, & Noord, 2018) lA1ULANATEN194519ULLANABINITAUUNLN AT LTI

andapnuumaImmes 3 N1 lawn nendange nwnany wazn1wiensin teanisld

3 szivﬂ‘]:fmzmﬁvﬂ &1 Word Features, Character n-gram features La¥ Emoji Features

wazudasdemanulfidunanmesaaeas TF-IDF weighting uwazlddanasfna Logistic

1 1
=

Regression lun1saf1autuatass wudiAiasnugniesniAuinnga ldldnisulas
nAWasAILIs TF-IDF weighting wsitly TF-IDF uuuing Tnadaanugnsiesgegn 77.8% T
MENBINa

6. UNAITNIAY Ldﬁiﬂ\‘l Through a Gender Lens: Learning Usage Patterns of
Emojis from Large-Scale Android Users (Chen et al., 2018) 1aan198duanis I emoji
1 ldlun19afrsguan e dniunisaiianuuataasnisawuninAsa s Tneld

fane3ns 3 17A lAwn Random Forest Classifier, the Gradient Boosting Classifier wa

SVM Classifier iudagaaiuau 39,372 glde1u Gefldauismuaiiaanuiaing daung

a

] 1
=] v A

a ) A . 5 K% J o ] v v
NITINHNUBAINNINN emo)i 'ﬂ%ljﬂ')ﬁli&lu@ﬂﬂ'}’] 100 m@mmluummﬂmm Gﬁﬂ‘ll‘ﬂﬂﬂ’]&l%l‘ﬁil’]

ann 84 nawvinlan saudanam masae Iaaldriaugnaesgegaagnniuililssng

v 1
84.1% daunm1 meniuatin 80.8% (AFnatins 10 8UAL emoji InaFeNanALAINAY mutual

information lAannm1314 1)

A1919 1 Aaeeine 10 AuAL emoji lagFesanAuaInAl mutual information

Rank MI Emoji e p(Malele) p(Femalele)
1 0.0223 e 0.126 0.874
2 0.016 0.236 0.764
3 0.0145 & 0.275 0.725
4 0.0139 n 0.232 0.768
5 0.0139 o 0.267 0.733
6 0.012 ? 0.225 0.775
7 0.0111 0.187 0.813
8 0.0104 Vv 0.31 0.69
9 0.0096 V 0.292 0.708

10 0.0094 4 0.203 0.797
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7. UNAINNAREY G‘I"ﬂ\‘i Gender Demography Classification on Instagram based
on User's Comments Section (Reynaldo, Goenawan, Chanrico, Suhartono, & Purnomo,
2019) lANN1TULALETBNIAF LA ABINIIAUUNIN AT AN B AN LAAIAN
AniuLuaUanFLNIN lun1 s sann s fepnRdrlfinnisiaiumAreseesnauatngy
TﬂﬁwmmQ”L%mu‘lmﬁrzgﬁls’n’qmﬁu%ﬁmﬁgﬂmmﬁqLﬂq@ﬂ"m‘ﬁi@ﬂ 10 31 aniutirdeaa
wamapanNAamiLldulaslfidunmmnesiieds bag-of-words waatnldasauuuanaaslag

1%

d8ane37u 4 37a Tawn XGBoost, Naive Bayes, AdaBoost kaz SVM laafinsidasu

—2

1%

pdaudetNamAT IBRATINAKGN TunisaFisuuuanass wudnldAiANgnAeetin

Y o o/ ]

apiilalddanesnu Naive Bayes fudayanidndaninaannsamendiaiu 1:2 ldpiaaa

U

)

QnAeY 78.6%
8. UNAITNANELTAY A Comparative Study of Pre-trained Language Models
on Thai Social Text Categorization (Horsuwan, Kanwatchara, Vateekul, & Kijsirikul, 2019)

TANIN1IWAUILL LA a89na1N13RNEl Y (pre-train modal) a1 usunim1tne Taelald

] '
=KX 1%

dananuanIANAnLinaI AU la A uRn T9Rn1sRE BINAuIUNIN AN TN LRS
o o a‘dl o o rdl Y o = (=1 a o o o o dl
Ardwyiuan dAwy ldiululsdaadndsn dniunisdnlunauiynsuaeslausia
. ¥ [ % a a o 0 o ada a dl . 1 P2
pyThaiNLP fag Lazindss@naninnisinainiudsunfaedlansis pyThaiNLP wudn laan
v o [ s o QI d?l 2’/ L o Y o ¥
ARNYNABIAIUTLNIIAR AN BTN 3.4% anntiunieanzgadnlaviannsasng
BULANABININEN (Language model) a1 state-of-art 919 4 WU Aa ULMFIT, ELMo with
biLSTM, OpenAl GPT 4az BERT Iaaninn17u/3auinauilss@naninaeduias iuUAa1ae s
¥ = = o 1 1 o o U dl
NN ArNITHLIRgUNANIIA T LUNT ey aaINNITLINTUNNTA LN TRy AT Y
neInauwdu s Kaggle a89n19ua944 A2 Wongnai Challenge: Rating Review
Prediction waz Wisesight Sentiment Analysis WU41LULANa89N N1 a5 9TUA NTBIA
Tudulasiuaniunauynsuiwauunn nanisauunngnaasuniuag nlsyann 1-
2% @115UN171a9d1 Wongnai Challenge: Rating Review Prediction Wa e 4-6% 11019
v v
wiiedu Wisesight Sentiment Analysis taaigidutsriudoulunjassisaasnisudeiuilinay
MHuuuanaesnewni1sdnduintnduniann Thai Wiki Dump wazinainaldlausa

pyThaiNLP S48 dunieniuluanuniannun1stssunatan =1 63381 Aaasnie nel



-
UNN 3
aa o a a o
AFALUUNIFIAE
(3 % « age
n1sinuaaya (Data Acquisition)
¥ Qi 2 a o d’j A v a (=3 [~3 & o a o
dayanldluanuiddel AadanoinuaninonAniuuuduladiuin fq
nilszneu 5 uazvinniaiudayanaeds Scraping Iaald python library #Tiadn selenium
LAz BeautifulSoup AILAIADY 8.8, 2562 114 N.A. 2562 Na1uIudamINuudAIANNAALTY
HanuAnewdgiuneun1IiIAINaze1ndeya MNAUN 854,472 ToANNLAAIAIINARLITY

TnadiseazBunrasiayafamnnge 2

ATuARLAUN 1

wadilazwaruulaawlsatisdn dmiunasmin ganuds Aanasmihauazaladiu

Asznall 5 fratedaAINLAANAINNARLTLLILLS L Tas WA

FIN379 2 LARNINRIATIBE AT Ry AT UN AN TN

Column Description
_id Primary key 1234M1714
category P lWUAN (forum)
comment TRANNLAANAINNAALITL
comment_id id 1R9ANTNAALIAL
content_id id 289n32Y]
post_date Fuiilna

tags Wiin
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=

ANANIN 2 uans Iiiudessaz@saaesdayaniiunnanidulasiiuin Inadae

'
a @

2194ARANHN97 2asdRy AN LNILATTIEazIREnTeILAaTAaduiTAadeyans s AY

nisenay 6 uansatnadayauulilsunsunien lnsay

_id category comment comment_id content_id post_date tags
Huagdaynsdas nazviauuy. wma ldnw
Tunen? Lidduanasy waiulld s

s naudiduanamnldiamelan wasasly

14E fisuduanalalnal00Alawmas ueaai T,

: L 2 . e ['Sdate': e

0 1 pantip_home Nnﬂaqmamnlnnuﬁztm 235-26 f!’ie'ﬁ nu‘hiu 79776327 32789937 '2018-06-30T22-04:56.0002') WVI’WEE

dgana dhinnzazlsdl wdaaaania 11,77

us9q wiaduan Lifidaanausa(siulilnm EECEE
drlsa)uedranimlng ddmana wedlsi

AT W32 L WRdaNadawnn

{'Soid!
'5d5500cbb3d30e2fdcfb33af"

nilsznay 6 satredayaniiusnaniulmsiuinuuilsunsunielnseu

n1sszyLlszinndaya (Data Labeling)

dl ¥ dl % i o/ 1 ¥ U v
Lum@’mmﬂgwimmuu EN1§J3~Iﬂ’]'iﬁ‘xl(l"ﬂﬁ‘ZLJ’Wﬂ]@\T‘ﬂﬂH@"ﬂ‘U@ﬂQWN LAANAINN

< ¥

a v ¥ a A o 2’/ =S £ =
ﬂmmumﬂmmiuugmﬁummmLquLWWty\immwmw mumqmmumﬁ:uﬂ@zmmm

-
k4 a o &

fayanau Inen19haINAIAIINUINY T 1 kazAasinasylen (UssAnsigaug, 2545

~

1 v
o a '

AIMN9N 3 WanIAIN IER T IT Y IN AR @ Euda AN LAAIAINAR W tnE HTIIAT

v
mﬂmgﬂﬁmmmwwmumm LALRLNANA ﬁﬁ\‘l@’mﬁuaﬂL?ﬂ‘ﬂﬂL’ilW’]X?T’ﬂﬂQ’]N LARNIAINH

q
v v
o

ARIUN A N30 92N ATENEITauda AN LaAIA N AU IFE T WIAY Y93

=

v
o

247,910 faAMNULAAIAINAALIIUE T9aziiuladn e szanns 30% 1aedayatiniug

ANNNTDITYNA LAY

F1919 3 AN A UELsTYWATRS AUt B AN LAAIANNAALTT

L] WAL UTRAN label

NN, A T[E male

AL, AT, ASA, AL, AL Giatd male
AU, AU, N 1IN female

Ay, Az, AY, ATY, A ¥ PISIN female
UTAY, UEAY 1IN female

¥

A%, A1 1IN female
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nsvinANazaIntaya (Data Cleaning)

[

Tudupeuilazilunisinanuazeiateya auieanldidy 7 funounsil

4 12 '

A ¥ o rni v
1. L@’ﬂﬂ“ll’ﬂﬂ;ll@LﬂWWZﬂ'ﬂ@NﬂVlWﬂ\m’]i‘i’ﬂ Toun comment

2. §ANNIHLEa AN BAAIAINNAAN N LANITIANL I UITIATAe TR NI AU W

(% o

A % % 1
Aavtage Tinanailudananueng

6

3. aan13iuTaA NN aftulag sz uuaaanIadulEs feninilsznan 7 wang
v

¥ A sy £ A ¥ a < A ¥
‘IJE]ﬂ’]’]ﬁJVlﬁ‘ZU‘LI@ﬂ"N‘IJHLN@Nﬂ’]ﬁ‘LLm‘H‘H@ﬂ’J’]ﬁJLL&@\?@’JWNV’]@LWH Iﬁ]ﬁlﬂ']ﬁ‘LL‘Vlu‘Vl FEUURAITN

N

AN LSEN'le. aa tws7 e A

- r-
. U lazaaagia |

¥ A gy X A o~ v a @
A ndsenay 7 °1|‘ﬂﬂQ’WNV]ﬁ‘Z‘LI‘LI’&?’]\‘I?IuLN‘ﬂNﬂ’]?LLﬁlﬂJ‘ﬂ‘ﬂﬂ"J’]NLL’&@\W‘WWNF’W@LM‘H

v
o {

4. audeAnuuansANARIUNg U NARTILaan ] ananuRgIungn

v
o

v v v
AN AATIL N AT LI T U ANNNAALTIY 10N A WRIANARLTLYENAZ T ud AN

Tawoun vivewendueINansTwasi1e NasamauAinIneg iy lomiunn vredandnu

1
o o K

LAANAINAATIUNAY uaziduAg T lda nrrnUsuannalslasdnAaavinaaanly

1 48ANNLAAIANNAMTIUNRUAAYGY “UBLAIATL” 1T “UBLIADIAY” LHBAAAIIN

“A5U” WAL “AY” 28N (T9N19RAANLNLaNIWARENTMALIT U WA RN INAIANN TURBUNNT
Y v v

AALszANTamN) ANl e AN LA AIAINAATILBIAAN DTN A UAIANN AL WAz Td

1%

ANNITNAVLLNNARINTAAINNLAAIANNNAALTULNANL LS AanInUsznas 8 Landsaatig

[ 1Y
TAANNLAAIANNAALTFUNTI A UN AN LI UIWNTA
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comment_count

10969

HaUAMASL 1254

HaUAAE 827

ADUAMNINASL 314

ADUAMUUNAED 285
AauAMEIUSLIAIIASY 159
AaUAMUZAL 154

[Spoil] adnuiagrasnuidauly 124
ADUAMAT 121

555 119

v v
o o % o o

nwdsznau 8 AaatnadaAINNLAAIANAMTUATN TN AN LA WA NN

5. 4An191iU Emoji T9x1 Tugtuassaniisde Taanis Tag A9 emoji aeli?
Fnuvtinie Winsuandu Emoji ldldsadamany sanndseney 9 wamadananund Emoji
dl 1% 1% a < < ' . Ay o 2 |
PunlugduuudamnuuutaniuuansnauAnmiL azwiugn Emoji Alan1iu azad lugll

¥ dl =3 6 A o o dgl o [ ¥ =3 o
UNUD ﬂQWNV]VIWQLQU1sﬁE]WMVIW@ WV]'WHS\I’]’&’]M?‘U%]UHL’JULLGHM

comment

Sw'ldwilatasa: riunaadioldn
dnGemtvasia
Truevision2444=heart_suit<F ZERO
= HF BRAVEST MONEY GAME-
Hhihuanalag[Spoil] adniia
mnanTmnaaulinaimans vai 20.30

U GuaauksAiuasii 21 nsngrauana
dlanidnaiuedilu
@adwhitps:/imydramalist.com/28856-
zero-ikkaku-senkin-game?trailer=1Credit
‘[Spoil] AéniaaraauRtau
“Lihttp:/www.ntv.co_jp/Ofhttp:
Ilasianwiki.com
[Zero:_The Bravest Money_Gamehttps:
IImydramalist.com/28856-zero-ikkaku-
senkin-game?trailer=1enlarannuialf
ningiau 2561 a1 23:21 w.

o 1 ¥ ndld . dl ¥
nnlsznau 9 AlaLNTaAINNNN Emoji ‘VIN”IELME‘]JLLU‘LW‘MW’]N

o o 4 1 dl < & o/ dl o/ fdl
6. AanteiugtunuAans wu Teviulest Suil wan wesnednsd midu
i v
saatlnenisilaswliiu Tag 1eeAntiu] Asnandszney 10

o o o o 1 dl S dl ¥ '
7. @ﬁﬂﬁﬁ‘ﬂ‘i_lﬁﬂ&l@m:’rmm’]\‘]"'l VliNNﬁQ’]NMN’WEI Trenindagudludaninngng
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o o o gy 3 = 3 ~ ° by I R R
8. @ﬁﬂq?ﬁqﬂuwslﬂﬁ‘z‘]_‘!lswﬂsﬂﬂ\jHLmﬂuT@ﬂquVILﬂUF’]q@\?VI’]H PIW ATUT TAL

TnenilaAn (Masking) Aaensld [mask] unuAngaNsnszyna fesnandsenay 10

naw cleangermvasia

:!rueWsionE4-1i}=.hea n__s%ta
fading summer yrheart_suit=pi

R miﬂm?;n u an ﬁ_‘lﬂ; W 19.30 gemtvasiatruevision[numberjE=emajiheartsuitkafadingsummerdtemoijiheartsuit=l
RHAAULSNIUAIALN 1 nangIAN Mhram Taomniuamiatnaifimehusunauusnivamiagn[number]nsngiauaiodad

. mﬂﬁgmaua‘aﬁu 5 “5'“"“-'“.'3 apusafuiilnumberlaauau[mask]dratcreditjwebsite]
@1agacredithttp:/Awvww wowow.co jp - ——

/dramaw/kageriyukunatsu/https:
/fidramas wordpress.com/2015/01
21/kageri-yuku-natsu/http:
[lasianwiki.com/kageri_yuku_natsu

#a4d clean

Alsznatl 10 WrauiRauda AN NILAASANN AR TILNALLATUAINIANNALANA

n1siesaNtaya (Data Pre-Processing)
= o [ 4 s > o
1. ﬂqilﬂiﬂquuquﬂ?&lﬂ']ﬁwwﬁ’]“iﬂalmuﬂqﬁﬂﬂﬂ'\

Tuanuddbiaz ldwauI N snAIA a8 (Horsuwan et al., 2019) WAZYINNTLAH

]
a o

o o eﬂall v =2 = dl ¥ ¥ 1o o o - dl v
AAWYT ldannisAnEeWisaiinaadasldun Auanipanuaa ATUELIA LA emol nla

v
mn*’ﬁum@uma‘mmmmmmi@ga

] 1
vy a o A o

1.1 ALAANANINAILA AR ANNNINTEINAAANNTALIRUYTaA N W laaq

¥ |

Jlitaann singnldiieilasiunislanfanndWevisegaundaaiuiuinndn (meswa, 2559;

a

w1ANug, 2561) InaldA1nnaan (Gillett; Smith, 2020) FaiduAtlun1mdengy wazld

Y v
A o a

Tsunsunlanisn Google Translate wilatlun s Ing Tv9dun 200 AN AIRI319 4 LEAS

FaRt1aALARIANALA N1 dang ez InelAan il sunsuutlaniwn

A9 4 rﬁTfmﬂmﬁqummmﬁqL@Iuﬂﬂmﬁaﬂqml,@mwﬂmﬂ

Hedging Word ANLAAIAINHAILA
assume ANYR
. 4
believe Eilalpjal
definitely I NIRISSTAT
doubt #9den

estimate SIErA Tl
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1 o

1.2 mign Aa A dnanunsonylddes ludsslan WuaAnlaifitdees

[

amyAannuuuielulsslan Radnde, 2010) WadneanazlinililanaudrAyaes

o

daszToalasuli wuangn duls weiu un dauu iedle 1a4 udu @anisnidnamen

duunilsludunaunisdassandagadniinislsziaanan1ms9suaf weluanuisail

[ %

Raravihmmgannadadunuansnediniunisainawuudaaes g ldavganisne
nieglulanuss pyThaiNLP H9RaIuauis@u 1,030 AN

.A

1.3 Emoji Aa dryansradunuansund mmj’ﬁﬂ u?mmuﬁwim Ei @

o

_;\“ﬁdl o o @ v v v A o e .
' —— sﬁ\‘i‘M'ZN@’]ﬂV]’]ﬂ’]ﬁ‘Lﬂ‘Ll‘ll“ﬂ?;lj@‘ﬂvamJ’]Lﬂu‘ﬂﬂﬂfJ’H\lLLVI“LJ,VI tUAN¥W L1 theart_suit: N

v
o o o o KX v

doyanwnl € fanwilsznau 9 sulufidaiedesinnisuanAnfniu Emojis aananiu

Tagvianisanadanann Emoji waav1In1999us9xLdunAUI YN TN Emoji Tnaidiiv@y 789
. d‘ ¥y o o % o 1% [ o o v o d‘ Aaal

emojis b 1A MTLNFAAT LazaituiluauANEULAMTUNIIAFINULLA 89 THFENIT

anmdaAIN Emojis Asnantlsznay 11

emoji_comment = df_selected[df_selected.comment.str.contains('[:][a-z_-]*[:]', regex=True)][['comment']]

emoji_dict_temp = []
emoji_dict = []
for i in emoji_comment.comment:
for j in re.findall ([:]([a-z_-]*?)[:]1, i):
if('http' in j):
pass
else:
emoji_dict_temp.append(f'emoji{j}")

emoji_dict_temp = list(set(emoji_dict_temp))
emoji_dict_temp.remove('emoji')

for i in emoji_dict_temp:
emoji_dict.append(re.sub( r"[_]",", 1})
len(emoji_dict)

789

emoji_dict[10:20]

['emojiframedpicture’,

‘emojiwhistle’,

'emojiavocado’,
‘emojismilingfacewithhalo’,
‘emojihammer’,
‘emojimansurfingmedium-lightskintone',

nndsenau 11 satsldnlnsauduiunisasiswauiunsa Emoji (L)

WALFARALNNAIANY Emojis (A14)
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2. M9ARA1 (Word Segmentation)
o/ o A 1 o dJ z 1 A o o/ o
nsAnA1IAaN1RLaAY F9luntmangduazldmileudunisinmily
NENEINGE NPz SN EnIdusznd At asanunsalddesdnlunisdnan dou
Tunineiuazdesdiionisiniseenty

o =

Tuaudseigiaulaiaenldlauszdiuiunisdszuanan unsssnan sty

1
X o

A . o o o o | em o A gl o
ﬂ'TH']LLV]ﬂVW]ﬂ'J’] pyThaiNLP GTNNIN@j@@qv]?ﬂﬂq?m@ﬂqﬂqﬂqimﬂﬂ% ﬂ;l]qqﬂl,@ﬂﬂim'}ﬁmﬁﬁ’]

|
' o o o [ =

wunldnwaunyney Lﬂuﬁugm (Dictionary base) 9NAUITN1IHAALLLADAARBININNEA

q

(Maximal Matching) Tneiinn1sfinAIa8uLL Aa wUUARESIE RN IZNAUIYNINANIAIN

Y v

(Horsuwan et al., 2019) LﬁfrﬂfﬁmwLﬂuu,uw-i’mmﬁugmzﬁﬁm"umm“mﬂizﬁ‘w%m‘w
(baseline) wazwLLNABUNNAIANTLRIISELR9BN 2 GARIANTASIUNAUIUNTH A AN
LAAIAYINAAUA UaZAANY Emoji tasannnasinai tne ldnaunynsuiduiuguiy azsin
o dl Y dd‘ 1 o =2 o o o %

ArannAaLyn Iy ldnow neun lii A lunauynsnasas 143N 19nA LLLABARRDININ
Ngnlun19snAn INTzaziuALansaNAsan I lunauynsuazgnanuanaananiu
\i A9 “dszanuil” Waldnisdnaitagldnaniynsuann (Horsuwan et al., 2019)az6n

[% o A i A “dD” ' Y o v A a . o
IaiduaasAnne “Uszanny” waz “U” doudnsnsoanauynsuiiiumuanananaaadlyly
P £ o X o g va o = P e 2 oA

wauynsuazlfneanilenn Ae “dszunai vinlinmdugudnuenunnsaiy G9lua
fanN1TaFILLLANARedInFLNIIuUNA wana1ntidsdl Tagging At Nldludunaunis

Manaratntayaadnlildon Aann919 5 Lanssnat1etanuLAnIANHAAWILAYIA

ANNAZAALLAD

A1919 5 T LNaLfaANNLAAIANNARTNINAYNEZRNALAL N UAAATLAZUAIAAAN At

wamqmuﬁqmmuu

daanufivinAnuazan ARATAIENAUIYNTNULLTINTA ARATAIENAUIYNTNULLTIADY

i PR [, 9, e, Anen, ez,
avmpWenduieeunazlszan  [awue, 9, Weedy, Aaen, ey, Usvan,
. . dszam, waux, waud, ldfnan, 1,
1 [ 1 1 % = 1 1 1 1 1 v =
wourweudliTnanilssunaill  veusd, weudd, Tufinan, W, Uszune, 1, v . .
a . . a . . dszuniil, virallan, [mask], 139,
wsailan[masklyseanvamanun  wisewlan, [mask], ¥e, @118, WAN, 1N
awme), van, 1nann, azls, [maskl],
mn@:ii[mask]emojiheartsuit 71, ﬂ:ii, [mask]], emojiheartsuit
emojiheartsuit
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3. M99 UTUAUBIAN (Part-of-Speech Tagging)

a o

funnsszyatinaesmenunan lhensad Insdarinaesandunan luanuideil
v . = o o o & . . .
QL‘HﬂuVlmsﬂs\l@]@mm pyThaiNLP waziaanmasA1ANy ORCHID (Virach, Naoto, & Hitoshi,
1999) Tun195: YT HATBIAT ANAITIN 6 WAANTHATBIANLALARBE19AN TUARIAIANYT

ORCHID UazA1374 7 bandsaatedannuuanianAnnssyainaada1uan

AN974 6 TRATBIALAZFAIBEN9AN lARIANANST ORCHID

Argia AinuasAn (Part-of-Speech tag) A2DEIAN

NPRP Proper noun Aulaad 95, Talsu, Tan
NCNM Cardinal number ‘Mfi\i, a8Y, 414, 1,2, 10
NONM Ordinal number ﬁﬁﬁﬂ, ‘17%'&@&, ‘17'1'm34, ‘17{1, ‘17{2
NLBL Label noun 1,2,3,4,n,%a,b
NCMN Common noun " V\‘i'?i'r], A1U17, ANAT, AU
NTTL Title noun Mg, WALAN

PPRS Personal pronoun AR, 11N, FU
PDMN Demonstrative pronoun d, 1%u, ﬁﬁu, 17{‘?1
PNTR Interrogative pronoun las, @:1@, aeals
PREL Relative pronoun ‘1‘7{, ?ﬁld, a4,

VACT Active verb U, Fa9inag, i
VSTA Stative verb Wi, §, Ae

VATT Attributive verb fau, A, 428

XVBM Pre-verb auxiliary, before negator “la” Wim, ey, ANa
XVAM Pre-verb auxiliary, after negator “1s{” Aag, 10, 1o
XVMM Pre-verb, before or after negator “af AT, LAE, B
XVBB Pre-verb auxiliary, in imperative mood ngndn, Ay, lﬁmﬂ,, @F;i’l, Dt
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Aagia HinuadAn (Part-of-Speech tag) AIREN9AT
XVAE Post-verb auxiliary I, wn, Tu
Definite determiner, after noun without 4. L
DDAN , 11, T, e
classifier in between
Definite determiner, between noun and
DDBQ classifier or preceding quantitative 19, ﬁﬂ, RN
expression
Definite determiner, following quantitative - .
DDAQ Wam, 191
expression
Indefinite determiner, following noun; allowing 4,
DIAC v, B, siner]
classifier in between
Indefinite determiner, between noun and
DIBQ classifier or preceding quantitative U4, teeunn, ey
expression
Indefinite determiner, following quantitative .
DIAQ NN, LAk
expression
DCNM Determiner, cardinal number expression Mﬁ\‘iﬂu, Lﬁ@, 2 pin
; [ ) PR P
DONM Determiner, ordinal number expression NN, NEY, N{ANIY
ADVN Adverb with normal form i, 159, 41, asnlane
ADVI Adverb with iterative form L?"J“] , bANET ,‘I%“’]
ADVP Adverb with prefixed form TheIL5a
ADVS Sentential adverb Taeiln®, s95A0
CNIT Unit classifier BN, AL, AN
CLTV Collective classifier A, NN, B, 1T, 19,
CMTR Measurement classifier Alansu, uia, dalug
CFQC Frequency classifier A3, LN
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Aagia HinuadAn (Part-of-Speech tag) AIREN9AT
CVBL Verbal classifier dou, 1in
JCRG Coordinating conjunction WAy, Mdi'a, i)
JCMP Comparative conjunction A9, wideawiu, winfu
JSBR Subordinating conjunction INFIEaN, dasann 17]" widdn, dn
RPRE Preposition ], &%, 199, 8, uu

INT Interjection I’é"u, T’rﬁ', Laf, L'a+, )
FIXN Nominal prefix mi‘ﬁwm, AITHAUNAUNU
FIXV Adverbial prefix RNt
EAFF Ending for affirmative sentence ]z, 4%, Az, AT, U, W1, 1naz
EITT Ending for interrogative sentence vﬁ“‘ﬂ, e, 1‘1/1:“, b

NEG Negator Tlad, A5, ladlst, B
PUNC Punctuation ()

A9 7 LT UNLLR AN LAAIANAANNINANHAZAA AUTBAIHNLAAIAINAATIVIN

NNIAAANAILATNABIUALTLTUATDIATLAD

Clean Comment POS Tagging

Y (1A, NCMN), (lsflsh, NEG), (4, VACT), (87, NCMN),
winladleidnl  lwnwne ) lugnanuuvisan@mask]
ey, VSTA), (14, RPRE), (Menuumiedng, NCMN)]

4. mMaUnilaANg9sNUINUNUAY (Personal Pronoun Masking)
dunauiliiuntisludunaunisinauazatadaga waiiiesainenliaunem

1 v 1
SUANATINUNNFAINLNUBNIWA AN A A95B9INTUNTIAATATINUINUNUA NAIAINT
nsszyaiinaemlauas Tnanaviaeanmnatiaiiuaassnuiy (PPRS) Haunm uazay

= o
1114 1atTaeny

o

NN19UNTAANAIINUINUNLEIAQENT 1T [PPRS] WNBANETINUNN UNUFT
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N1381B84 (bias) UBILLLAIABIAINANMNAT AIAITIG 8 LAAIAIDENNTAAINNNAINIT

nTlAAIRTINUINLNUFAILAD

(%

A998 IWTE LN LdaANLAAIANNAANINAYNNEZENA NLTaANLAAIANNAATIAAAN

WALNINITUNTAANATINUN LA

Clean Comment Word Segmentation with [PPRS]

. L o e (1, [mask], [PPRS], 91, i, 1n, 4397 , e, 1a, o,
T[masklnndnfiariinnade Uaiauiadwufidntiseiun e . P
o E e e - oy, A, WD, AUNUAN, uum, Wy, [PPRS], 9148, 304, 1,
uAnunauzisdus e lldesldiiulasaid@nises -
PR _ [PPRS], ldeiag, Tidiu, 1y, e, 580, 11, 09, Tw, 34, 100, uay,
Twsannuazteuumilreadini@uninase| [mask]

FaL, UN, 1, 284, 10, 8N, 110, 4347, [mask]]

n’l'iﬁ’l'i'mimdmﬁ’mﬁu (Exploratory Data Analysis)

HB7INN9E1799N19NTZALFRTBIANUINANLBITRANN LAAIANNARNINNATIA L

I '
= 1

a1 U199 1NN WLAIRNUIUANTBTR AN IAANAINNAANTTANFARTUN e NA1UIWAN

El

Tadunn sanndsznay 12 waznindsznan 13 IaaRARDALAANAIANTG O aziiiuladwa
T EUANANINAN1TNIZAN e f a9 uIATAe R InALARe A ULNN
IHAYANNT9ADUNARNNITN LA AR UIBAN NN NITANLAd LN G Feiunisay

= { aa :// a KX v o ¥ dl ¥ dl
L‘].I?‘m_lmaummmmml,w ﬂ‘ﬁ’mLL@&MQ_}\‘]@Qﬁl@ﬂVI’]ﬂW?LLﬂ@Qﬂ‘ﬂH@LWﬂlﬁLﬂ@ﬂuLﬂUﬂ’]ﬁ‘Lmﬂ

[y

waUng a9azyinliannsaldn1siinsnzviuuy parametric nagauannAgIuld Rsdmning,

q

o K

2552) gadeaslavinnisutlasaiuauaifag Log vinliklanisnszaasianasaiuouaninig
a o :J/ =® o v dl v )

wanuAsuUULng Asnanilsznan 14 antuasindeyanulasudonivinnimegay T-Test

WUAIWATRILA LN ANTNE AR ALIe9a W LAY I LANANSTUat 19l ANTA ATy nealif

WAZTNNNINAZAL F-Test nuIHAIANLLUI9UIR99 1A IR AN AN AN U9l

AR ATYNNADH TINANINARDLNWNATH AenIwlsenaw 15
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200000 |
& 150000 |
<
&=
=
= 100000 {
=
[on
@
50000 |
ol M | , ‘ . |
0 2000 4000 6000 8000 10000
AMNE1VENTDANN (AN)
ANLTENAU 12 N1TNIZANEFIUDIAIUILAN
WAL AW
z z
g g
QD Qm
E g
2 2
ﬂ?ﬂuﬂq’lﬂlﬂﬂ{l’ﬂﬂﬁﬂﬂ (F‘i']] ﬂ'J']NUTHIﬂ\T{I’ﬂﬂ'J']N I{FIG'”

AMNLTTNAL 13 NNFNTLANEFIVBIANUILAIRTUTLLD AN LA A AINN AR LAY

RAmuA AR 500 A1 WAt (Fhe) WA (297)
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VWA VWAL 394
ﬁﬂuqumwﬁmﬁu 143,006 104,904 247,910
ITUIUALDRE 40.4 43.3 416
AU UUNIATIFIVUBINIUIUA 77.9 98.8 87.4
AUIUAFGRA 1 1 1
Auumlasiaulnan 25 11 11 1
Fuanmlasigulnan 50 21 22 21
Fuanmdasigulnan 75 43 46 44
MUIUANEIFR 2,793 8,850 8,850
Rt LAl
30000 20000
lg =
c g
.5 20000 g
2 £ 10000
™ 10000 -
04 0l
2 a 6 8 2 a 6 8

- = w - s w & w - ==
ANHpwaddoATERsUahoiliTuaan15u AMugTrpWanuhulasdiedaiduaaniiiun

nilszney 14 LaRIN1INIzanefagadanawALLaIANARe Log

WWATNE (F1e) LL@ZLWﬂMﬂ:N (2191)
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from scipy.stats import ttest_ind
ttest_ind(male_len_xform, female_len_xform)

Ttest_indResult(statistic=-9.260396781705062, pvalue=2.0522491456402616e-20)
from scipy.stats import f_oneway
f_oneway(male_len_xform,female_len_xform)

F_onewayResult(statistic=85.75494855461359, pvalue=2.0522491453999795e-20)

ANUIENAL 15 HANTNANINADA T-Test LA F-Test TAIATUIUAITENINUNAT L

WAZLNANELN

NsULNARLTaNadIUSLNITASIULLATIABY (Data Splitting)
£1989910 (Crosby & Nyquist, 1977) NN81991ANNLANA19TBIN15 TN 117

SENINUNAN AT ez uANAva el e zAAailaiaanginesnisldnisunne

[ % o

gadeaslavinnisuiedeyaeanninaiuauan eanidy 4 ngu A1m1919 10 Tnelddayaann

NNINITALFAITBIANUILAIT IFANTuRauN 1981 9ad s ARl

D

1. fapanuniawanstesndnlesisulngm 25 (lidu 10 A1)

2. FaporufiiauauAunnd e s ngy 25 59 Q3+1.51QR (RNUUAN
LU 11-96)

3. FANUTTIIUIUANNNNNT 96 B4 200 A1 (3NIUANIMING 97-200)

4. 9aANUNTANUIUAININNGT 200 AN

o R 1

v
wasaniuaLlsFaatgluwAaznguaanidugadayad1usuilndy (Training

¥

dataset) uazgadayad1miunaaay (Testing dataset) Hdmnsnadaw 80:20 tnal435 Stratify

a
v
o o ¥

dl [ 4 o ! ¥ 1 ! o o
faunisuiiedayalaalinsdndsunasdoyalunsazwaminiuisgadagyadmsudnedunay

¥

fadeyaduiLnagey
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71379 10 A1UAUTRAINLAAIAITNAALTIUTBIWARZNGNAID I NN AT L LAT WAL

FIUIUTBAMNLAAIANAALIL

FTUIUAN A LRle
LWATNE LWAREN 39N
<=10 6.8 34,841 24,783 59,624
11-96 32.7 96,392 70,238 166,630
97-200 133.5 8,577 7,218 15,795
> 200 400.2 3,196 2,665 5,861

m’iﬂﬁmﬁlmﬁnﬂmz (Features Extraction / Features Engineering)

dl ¥ dlal ¥ o [ [ & o
Lﬂuﬂ’]ﬂﬂ@ﬁlu‘ﬂﬂﬂﬂ@ﬂﬂlﬁﬂ@’mLﬂuﬂm&ﬂﬁmx@’]ﬂ?Uﬂqﬁ‘@?’]\‘]LL‘]_I‘LI"]’}ZQ‘ﬂx‘lﬂ’]ﬁ‘

o =2 a o ¥ 2 o 1

RMLLUN mﬂmmﬂmmmwﬁﬁmmm B;IIQ@EIWU’J’]BLMQ’]UE'%/EWHQﬁquﬂ’]ﬁ"‘s’]LL‘LmL‘W AUR

Juasudaninuii fasadaulugisdnaziaenldldinaila TF vsa TF-IDF Wasainidumaiia

a o

Neadesiuadniludananulnamnss (WnuisazAdnyimaAuaneuy) winseisulaum
\{u State-of-Art lun m189ng (Mukherjee & Liu, 2010) fifaiaanldinafia TF wiidn
o 3 al oA o 1 ai Y o a K 1 a o
wasanduarigidavatavinunetgunaclddanesnuiduaandnenssnlua < lusndae
N9 BLNNARINTaAH A lUNTATAINTDNINARNTNIIANMUNNA LFNINNINDINETAE

1 1 =) F 3 dl [ % a KR dl 1 ?:/ % dl
HuUNININN9T 10 Duaainiu aesanesnuinduaninenssn i duaziiunasuung
199152leA TeRzmunziUaIuAINEYT) N IdssuUNITUsENIaNAN I IINTIF 1TU N9
a 'S =R v . . A o v v ¥ .
AA1zANIANAINdanaH (Sentiment Analysis) ¥8N13371UNYTa18990AY N (Topic

Classification) 1{usu Asiuluanuideigideacifiaanldimaiin TF-IDF (n-gram 1,2) lu

nsafpAANEUY taemALlA n-gram 1,2 1t azifunisienAuileauas AdesAnas

u

[
[ v A a

AnfunnannduamuaANE UL TINIAINANNFATIUYIEISLNAIANNAFIUTUNATIHUAZINA
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v 1
=

a a ¥ o dl 1 o =2 1) ¥ A 1o a 1 o 1 ¥ o 1
mymmﬂsngﬂLLummmmLmemu @ﬂ1341°]]LW£I\‘1LLﬂﬂ’]"| LAEILNTUL LL[ﬂ@tsLsHZQ@QﬂWV]@%I]

a o &I b4 Y o o o dg/ dl 1 o
ﬁlﬂﬂuLWﬂ@?’Ngﬂ wuun1slEAn LL@mnmﬂu@m@ﬂwmmum TILLNATNA AN TU L
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sl

A

1. anpAmanEuzanAANa 1 laanidnEizauam 5,000 ALIANEIUE A9

N nlezney 16 uAAIAIALINAMAN LN LHAINN19ATAAMAN YL R8T TF-IDF (n-
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gram 1,2) fuanAdnyivialyl dataanlsannnisainandneuzidudaiaanaAiuauuaInia

TF-IDF @4p 0 vianefielaifiane) 1 agluderanuuansnanudnidiunie) Asnindszney 16

ite] 0 umber oen en BT s el e e
0.0 0.0 0.0 0.0 0.0 0.0 0.047868 0.0 0.0 0o ..
0.0 0.0 0.0 0.0 0.0 0.0 0.032545 0.0 0.0 00 ..
0.0 0.0 0.0 0.0 0.0 0.0 0.023495 0.0 0.0 0o ..
0.0 0.0 0.0 0.0 0.0 0.0 0.021493 0.0 0.0 0o ..
0.0 0.0 0.0 0.0 0.0 0.0 0.057785 0.0 0.0 00 ..

nnsenau 16 ArANERIENANA lAaNmMATA TF-IDF (n-gram 1,2) AuAndnyivialyl

2. ANAAIANHIUEANN EMoji IAAMUANHIMTIIUIN 789 ATUANHDLE AN
nwdsznau 17 wansfaateAUANHUEAlAAINNTaTnAUANHIITARERT TF-IDF (n-

gram 1,2) iU emojis

emojipotoffood emojiwhiteheavycheckmark emojichildrencrossing emojiyinyang emojimonkeyface

0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0

nisenau 17 Aransenanaldainmaiia TF-IDF (n-gram 1,2) fiu emojis

3. ANAAUANHAIZANATLARIAINAILA IAANIANHAIZATUIU 200 ATUATIHOLE
AN Inlsznay 18 wasssnatinaAUANEUEA IFaNNNIaiaAMAN UL A283T TF-IDF (n-

gram 1,2) NUALAANAINNAILA
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A , , ne Al aszls
< ASZAN ASEIAN , o e AA . ad aszls \ azls
A @l . . e Avias . Hild ad . _x  2id .
o usa %i@ 1 [z ari1ad = a1l

i LA aLn uu
00 00 00 0.0 00 00 00 00 00 00 . 0.0 00 00
0.0 0.0 0.0 0.0 0.0 00 00 00 00 00 .. 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 00 00 00 00 00 .. 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 00 00 00 00 00 .. 0.0 0.0 0.0
00 00 00 00 00 00 00 00 00 00 . 0.0 00 00

nndseneu 18 AruanmaiENainlsanmAtA TF-IDF (n-gram 1,2) AUAMUAAIAIINAILA

4. ATAAANHUZAINAIMLATAAMANHTUEATUIN 1,030 ADIANHIUE AY
nndezney 19 uaAIAIRL1NAMUAN TN IHAINN19ATAAMAN Y UL A8AT TF-IDF (n-

gram 1,2) UM

wiuil En Suldun wiR vl wz Susas uaz g dluais .. doddas wivls @A
00 00 0.0 00 00 00 0.0 0.0 00 00 0.0 0.0 0.0
00 00 0.0 00 00 00 0.0 0.0 00 00 0.0 0.0 0.0
00 00 00 00 00 0O 0.0 00 00 00 .. 0.0 0.0 0.0
00 00 00 00 00 0O 0.0 00 00 00 .. 0.0 0.0 0.0
00 00 00 00 00 0O 0.0 00 00 00 .. 0.0 0.0 0.0

nisenau 19 AranEniERanalianmATA TF-IDF (n-gram 1,2) fiuAves

o o

5. ANAAMANHUTANTLAT0IA IAAMANHIZAIWI 1,239 1,722 1,615 UAY
1,606 AUANH ML ANUTULAAZNANARENINHAMuAN AW 10 AN, 11-96 AN, 97-200 AN
WAZHANNAN 200 AN ATNAIAL TIABLINAMANHUZ IRAINNITATAAIUAN U AnedD TF-

IDF (n-gram 1,2) NURAT89AT LAAIAININLIZNaL 20
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ADVI ADVI  ADVI ADVI  ADVI ADVI ADVI  ADVI  ADVI  ADVI XVMM  XVMM  XVMM
ADVN ADVP ADVS CFQC CNIT DCNM DDAC DDAN DDBQ PPRS PREL RPRE

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 . 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 .. 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 .. 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0o . 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 . 0.0 0.0 0.0

nseneu 20 ArdnERiENainlAaNmATA TF-IDF (n-gram 1,2) Augtinuesan

NSRS ULANARINIFTINLUN (Classification Model Training and Evaluation)
Tudusaunisafieuuuaass gasslaninisaendanasnuanuiuanulssinnnig

ALUNAIUIU 3 FaNa3NN A8 Logistic Regression, Naive Bayes Lwaz Random Forest Iag

Q

¥ o :// dl o v o [ 1 . . dl 1 1 =
Az lTAMANHUZIY 5 ']J?ﬁﬁLﬂ‘VWl@ﬂﬂiﬁ HININI7IANQ[N (combination) TILANCNANIZH

o

AMMANHIUTAILA 1 ADLANEINE AUDY 5 AnuaNUe Tnelunquanianw s NNAIWs 2

Aruansncanllazldauansunlaainis TF-IDF Aldwawynsuina At dwyilusddn 1y
o dg/ o o { o dl o o dl ¥ as

dumnudnsaiziug i niunnguanan e uaziasmniuAndnssildaInds TF-

¥ U o

IDF A ldwanIynsnann (Horsuwan wazAuay |, 2019) azlangquamans iy 21 ngx

q q

o

v 1 1
AMUANH LY AMNUUATUNEAA AN H LN IANIIINITNAADUNANIINTAA IR HTUTUAE

%3 a K dl v a a o ﬂzddl o Y o a K o o A
danainnlanlilsednsnnlunisauunla angn uazdslddanasnudrusunisiaan

2 1

szﬁ”ﬂwmz%ﬂ 2 danasnu laun SelectkBest LAY Recursive Feature Elimination with

Cross-Validation (RFECV) AUAAMANHUTNNAMANHIMEAN 5 ATUAN UL A9HNGN

Qmﬁm:rm:mu%ﬁ?u 23 ﬂ@;u@mﬁﬂﬂm:ﬁiﬂumm%’wme"’mm wRaaNUARNIsTa

Usz@nBnnwpesuuuananslaald cross-validation score ugadayailndu Tnaldas

Stratified K-Fold (5 folds) %qﬁqmmﬁﬂwm:ﬁﬁmmmﬁqﬁ
1. emoji (E)

L ALAANAINALA (H)

AUER (S)

. dHaUR9AN (T)

. TF-IDF (dufuAntlsz@nsn1niugnu(Baseline)) (TFIDF1)

o A W N

. TF-IDF+AnAnvi vl (TFIDF2)

7. TF-IDF+AAWIT I, 1Hna29An
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8. TF-IDF+AAnYTlud, Anelm

9. TF-IDF+AAnyilud, 1iinresan, Anen

10. TF-IDF+ANANWY b, emoji

11. TF-IDF+ANANY U, emoji, THATRIAT

12. TF-IDF+AAnyTluisl, emoji, Avien

13. TF-IDF+AAnyilud, emoji, Avign, Tlinaa9A)

14, TF-IDF+ANANYLUN, ATLARIAINNAUA

15. TF-IDF+ANANYLUN, AMLARSAINNAUA, THATBIAN

16. TF-IDF+AANYIIUN, AMUAAIAIINAILA, AV

17. TR-IDF+AANYTLY, AUAAIAINALS, THATRIAT, AR

18. TF-IDF+ANANYILUN, ALAAIAINAILE, emoji

19. TF-IDF+ANANYTIUN, ANLAAIAINAILA, emoji, TRALEIAN

20. TF-IDF+AAWITlud, AMLAAIAIINAILA, emoji, ANUER

21. TF-IDF+ANAWTINL, ATWAAIANNASLA, emoji, ATVER, THATEIAT

22. TF-IDF+ANAWYI9H, ATULARIAIINAILA, emoji, ANNEA, THATBIAN
(SelectkBest)

23. TF-IDF+ANANIa, ATUAAIAIINAILA, emoji, ANVE R, THATBIAN

(RFECV)

NTMIANANNAIATYIBIAMAN UL (Feature Importance)

ANAINAIATYTDIAUANHIUTTU AINNTOUBNDNAMANH U NN UAFANI TN

a

WA TLLLAN A0S lULAa S aNasNNa sl s INULANANAY TIATNNTOUIANANNEIATY LD

Y o

ATUAN Uz DU A AN LA AT

o

1. ANANANATYAINEanaIny Logistic Regression
dl . . . o a 1 o o
11489210 Logistic Regression 14U 11880 141U A1AINEIATY 2B
ARAANHAzAzAINITaM lAaNANdN LT AN uesAuaNEuY (Coefficient of Features) @1y
Tuga Logistic Regression @184 scikit-learn Aferiduiatn1snnaAduilscdndaausas
AuAnEEls Asnindszne 21 wanvsdaadnelAnllsunsunimi lwseaulunisunan
ANHANATYTBIADIANHTUZ QN4 10 AUALILIN TIANUNIEIDIAENLIseANSTLINITAUUN

L v
Aa AdulszAnsrasguaneiclalAININ AUAN UL NARANIIA LN AU TLLNA
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= o Y { a Qr o IS ¥ = | o
7NN Uz gaiuiAdNlsransresniansusladA1den azlnasanisainun
ANUFLNANIYININ AN IENaL 22 wand 10 SUALLINT8IAMMAN T ARNARENNT
ANUUN WAZAIANNAIATYTBIATIAN UL IFANN AN AN seANTURILFaTAUAN HIULATN

WULANAD

feature_names = tfidf wHES.get feature_names()

importances = clf20.coef_[0]
indices = np.argsort(importances)[::-1]

# Print the feature ranking
print("Feature ranking: Male")

for f in range(10):
print("%d. feature %d '%s" (%f)" % (f + 1, indices[f], feature_names[indices[f]], importances[indices[f]1))

plt.figure()
plt.title("Feature importances: Male", fontsize=20)

plt.bar(range(10), importances[indices[0:10]],
color="r", align="center")

plt.xticks(range(10), indices[0:10])

plt.xlim([-1, 10])

plt.show()

nwtlsznau 21 satalAnldsunsunienlnsau dusunisunAiAugIATY 19

ADMANIHLZARA 10 BUALILINAMTLSANEINN Logistic Regression

Feature ranking: Male Feature ranking: Female
1. ;eature 1854 'uy' (’2;6?6438) ) 1. feature 2977 'muud’ (-4.712052)
2. feature 2978 "suvin' (5.805547 2. feature 4234 'uuu' (-4.588995)
3. feature 3276 "Wu' (2.624444) 3. feature 2778 'ava7’ (-3.657206)
451. ;eamre gggﬁ 'uaat' (ZS;EEBZO;&G%D) 4. Feature 3479 'ay' (-3.(5439?2) )
. feature ‘naa [PPRS]' (2. 5. feature 694 "uaan' (-3.444827
6. feature 173 '[number] auin’ (2.391598) 6. feature 1901 'uw' (-3.245131)
7. feature 2642 'svéiu’' (2.302317) 7. feature 4309 'uai' (-2.642766)
8. feature 1877 “iniay’ (2.286762) 8. feature 4305 'urlundy’ (-2.627011)
9. feature 3130 "shud [PPRS]' (2.217943) 9. feature 3049 'adl' (-2.428674)
10. feature 2680 ‘T’ (2.127600) 10, feature 2303 "' (-2.411213)
WA WA
:E 3%
c =
E: w
g g
c 4 Lt
w R
= =
cC Lo
- [ g
& © .
Lo Lo
= Ly
' AuAnEY (AU C audnwoy (Aud)

NNLgENel 22 AANHOINNNAFBNTAUUNUATAIATNA ALY TBIATUAN L

4940 10 AuALNINA IAANANAN1TEAVTIBIUFRE AIUANHUTANULLIANABY
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[ o a KR

2. ANANANATYANNAANEININ Naive Bayes

o

fane3nu Naive Bayes iuuuuataasi lduannisAuaniannunaziily
TuN1990UN A1AINANATYIB9AIANEIITAzANNNTIU lFa N AR NENAzLTuT s

AUANHIUE (Probability of Features) Taluluga Naive Bayes 184 scikit-learn HWaridua

Y o

aunmnuAtAniaziiuaeuiazguan e ld danandsenay 23 uansiaatinalap
Tdsunsunen lnsaulun1sniAIANE ATy I09AIAN BT 4IgA 10 BUALILIN R
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pos_class_prob_sorted = clf20.feature_log_prob_[1, :].argsort()[-10:]
male_feature = np.take(tfidf wHES.get _feature_names(), pos_class_prob_sorted)

print("Feature ranking: Male")

plot_prob = []
for i in pos_class_prob_sorted:
plot_prob.append(cif20.feature_log_prob [1, i])

plot_prob.reverse()
pos_class_prob_sorted = pos_class_prob_sorted.tolist()
pos_class_prob_sorted.reverse()

for f in range(10):
print(f'{f+1}. feature {pos_class_prob_sorted[f]} {male_feature[f]} ({plot_prob[f]})')

plt.figure()
plt.title("Feature importances: Male", fontsize=20)
plt.bar(range(10), plot_prob,

color="r", align="center")
plt.xticks(range(10), pos_class_prob_sorted)
plt.xlim([-1, 10])
plt.show()

nwilsznay 23 saedalAnldsunsuniennsau g usunismAANdIATyaad

ADIANIUTAIRA 10 SuALIWIN&MFLSANE3N Naive Bayes
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Feature ranking: Male Feature ranking: Female

1. feature 96 fi (-4.7182086946389585) 1, feature 96 1 (-4.8885910709144484)

2, feature 0 w (-4.877481234360519) 2. feature 0 1 (-4,994366766147756)

3. feature 551 "l (-5.181781986710594) 3. feature 551 " (-5.275785052067057)

4. feature 1698 'l¢i (-5.321741782728548) 4, feature 1698 us (-5.345714324933186)

5. feature 1023 T (-5.508366758458515) 5. feature 1023 14 (-5.633498794815996)

6. feature 4735 3z (-5.576459275648963) 6. feature 4658 a3 (-5.667451415741976)

7. feature 4658 # (-5.611250326156301) 7. feature 4176 1 (-5.683073057403048)

8. feature 4795 A (-5.674805944780701) 8. feature 4795 A (-5.700397021885533)

9. feature 2382 [PPRS] (-5.690137886357447) 9. feature 4735 [PPRS] (-5.71546848634992)
10. feature 2465 [number] (-5.698862532302586) 10. feature 4955 [number] (-5.722589405533211)
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feature_names = tfidf_wHES.get feature_names()

importances = clf20.feature_importances_
indices = np.argsort(importances)[::-1]

# Print the feature ranking
print("Feature ranking: Male")

for f in range(10):
print("%od. feature %d '%s' (%f)" %o (f + 1, indices[f], feature_names[indices[f]], importances[indices[f1]))

# Plot the impurity-based feature importances of the forest

plt-figure()
plt.title("Feature importances: Male", fontsize=20)

plt.bar(range(10), importances[indices[0: 10]],
color="r", align="center")

plt.xticks(range(10), indices[0:10])

plt.xlim([-1, 10])

plt.show()

nnsznay 25 fatslAallsunsunieniweayu Ausun1IunAIANNEIATYaS

AUANBTUZAI4A 10 AUALLINEMIUAANE3NN Random Forest

Feature ranking:

1. feature 1854 'uy' (0.031983)

2. feature 4531 "l (0.023455)

3. feature 1987 "iav' (0.021364)
4, feature 2977 'sunus’ (0.020143)
5. feature 4234 'uuy' (0.017766)
6. feature 1141 "way’ (0.017586)
7. feature 2778 ‘avas’ (0.017062)
8. feature 2007 'um’ (0.015731)

9. feature 3276 Wiu' (0.014729)
10. feature 4305 ‘uuady’ (0.013758)
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NNSNAKDULULUANADY (Model Testing)
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a1uauAn i 10 A1 TnaldAn Weighted average 189 Accuracy, Precision, Recall WAz
F1 Score {WAIAUIZANENINIRIULLAIADY IHRARNEAIANTIE 11 A1 12 LAZAIN
13 aziiulddnAlszAnsanaeuuuanaesiiniigailen Accuracy 67.23%, Precision
66.73%, Recall 67.23% WAz F1 Score 66.42% %ﬁlqlmmﬁmmx TF-IDF figimannandnyt
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F1979 11 HAANE289U sz AVENMULLANAR97 8ANasTN Logistic Regression Lugadasa

a o

NARALNHAINUILAN LAY 10 AN

o UIU
ATUAN LY o Accuracy  Precision Recall F-1
ATUAN MUY
emoji 789 59.54% 67.08%  59.54%  46.25%
ANLAAIAINAILA 200 58.38% 54.67%  58.38% = 45.34%
ANAEA 1,030 59.79% 58.07%  59.79%  55.87%
IUATBIAN 1,239 59.25% 57.32%  59.25%  51.92%
TF-IDF(AANYLAN 115U baseline) 5,000 65.64% 65.06%  65.64%  64.28%
TF-IDF(ANAWY L) 5,000 65.66% 65.10%  65.66%  64.25%
TF-IDF(ANANY ), alinvaeAn 6,239 65.66% 65.06%  65.66%  64.45%
TF-IDF(ANAWYTlnsd), Aviem 5,000 66.81%  66.28%  66.81%  65.95%
TF-IDF(AAWYTlvsd), AMuen, 1inT8eA 6,239 66.85%  66.33%  66.85%  66.10%
TF-IDF(A1AWYIva), emoji 5,000 66.10% 65.60%  66.10%  64.73%
TF-IDF(A1AWY i), emoji tHnaa9A1 6,239 66.16% 65.63%  66.16%  64.92%
TF-IDF(AAWyTlvad) emoji, Auem 5,000 67.13%  66.63%  67.13%  66.23%
TF-IDF(AAnyTlnad),emoji, A, 1in89A° 6,239 67.13%  66.62%  67.13%  66.36%
TF-IDF(AANY i), A anIANAILA 5,000 65.62% 65.04%  65.62%  64.27%
TF-IDF(A AT, A UARAIAINNAILA, THATBIAN 6,239 65.65% 65.04%  65.65%  64.50%
TF-IDF(AAWYTLUa), AUanIAINAIe, ATUER 5,000 66.94% 66.42%  66.94%  66.11%
TF-IDF(ANAWYTLN), AMUAAIAITNAUA, AR, THATE
. 6,239 66.95% 66.44%  66.95%  66.22%
(2
TF-IDF(AANY VL), AUARASIAINAILS, emoji 5,000 65.95% 65.40%  65.95%  64.61%
TF-IDF(AAWY b)), A UaRA9ANNAILA, emoji 1A R9AN 6,239 65.96% 65.40%  65.96%  64.74%
TF-IDF(AANWYTIL), AUanIAITNAILA, emoji, A1E 5,000 67.08%  66.57%  67.08%  66.25%
TF-IDF(AAWYTLUs), AUaRIA AL, emoji, Anien
- . 6,239 67.02% 66.51%  67.02%  66.26%
JTUAURIAN
(SelectKBest)TF-IDF(AANY L), AL AAIANNAILA
i ~ . 4,239 67.23% 66.73%  67.23%  66.42%
,emoji,ﬂ'mz;m,‘nummm
(RFECV)TF-IDF(A1AWYIIUL), AUdASAITNAILS, emoji, A
4,373 67.09% 66.59%  67.09%  66.31%

neR, THATBIAT
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FIN99 12 HAANSIBILITTANBNINULLANADIT IF6anasNu Naive Bayes Ungadayanaaal

dld o o 1a o
mmmfmmiumu 10 AN

o UIU
ATUAN LY o Accuracy  Precision Recall F-1
ADIANTUE
emoji 789 59.42%  67.82%  59.42%  45.84%
ANUAAIAITNAIS 200 58.32% 54.27%  58.32%  45.42%
ANAEA 1,030 59.87% 58.34%  59.87%  53.75%
1AL R9AN 1,239 58.97% 57.10%  58.97%  48.90%
TF-IDF(A1AWYAN 411150 baseline) 5,000 65.60% 65.18%  65.60%  63.76%
TF-IDF(ANAWY L) 5,000 65.63% 65.22%  65.63%  63.75%
TF-IDF(ANAWY lvad), atimaaAn 6,239 65.47% 64.89%  65.47%  64.03%
TF-IDF(ANAWYTlnsd), Aviem 5,000 66.61%  66.27%  65.93%  65.00%
TF-IDF(AAWYTlua), Avign, aiineedmn 6,239 66.43% 65.93%  66.43%  65.21%
TF-IDF(A1AWYIva), emoji 5,000 66.07% 65.74%  66.07%  64.25%
TF-IDF(A1AWY i), emoji tHnaa9A1 6,239 65.93%  65.41%  65.93%  64.52%
TF-IDF(AAWYTluial) emoji, Auielm 5,000 66.78% 66.50%  66.78%  65.14%
TF-IDF(AAnyTlnad),emoji, A, 1in89A° 6,239 66.83%  66.39%  66.83%  65.58%
TF-IDF(A1ANTIVL), AMUAAIATNALS 5,000 65.58% 65.15%  65.58%  63.73%
TF-IDF(A1AWYT VL), AMUaAIATNALS, T HATR9AN 6,239 65.49% 64.91%  65.49%  64.08%
TF-IDF(AAWYTLUa), AUanIAINAIe, ATUER 5,000 66.74% 66.43%  66.74%  65.14%
TF-IDF(ANAWYTLN), AMUAAIAITNAUA, AR, THATE
. 6,239 66.49%  65.99%  66.49%  65.28%
(2
TF-IDF(AANY VL), AUARASIAINAILS, emoji 5,000 65.79% 65.39%  65.79%  63.99%
TF-IDF(AAWY b)), A UaRA9ANNAILA, emoji 1A R9AN 6,239 65.84% 65.29%  65.84%  64.45%
TF-IDF(AANYiLnal), AMUARIAMNAILA, emoji, Mugn 5,000 66.94%  66.66%  66.94%  65.32%
TF-IDF(AAWYTLUs), AUaRIAINAILA, emoji, Anieln
_ . 6,239 66.79%  66.33%  66.79% = 65.58%
JUAUBIAN
(SelectkBest) TF-IDF(A1AWA1MN), AULd A9AINALA
R _ . 5,204 66.83%  66.37%  66.83%  65.61%
,emoji,muqm,mummmm
(RFECV)TF-IDF(A1AWYIWL), AMUan9ATNAUa, emoji,
6,239 66.79%  66.33%  66.79%  65.58%

AR, THATBIAN
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F11999 13 HAANTIBILITTANBNINULLANAD9N [F8anasNn Random Forest Uugadasya

a o

dl o a o
mmmummmqumiu N 10 AN

o UIU
ATUAN LY o Accuracy  Precision Recall F-1
ATUAN BN
emoji 789 58.88%  69.03%  58.88%  44.29%
ANUAAIAITNAIS 200 58.50%  64.19%  58.50%  43.33%
ANAEA 1,030 58.57%  67.77%  58.57%  43.48%
1AL R9AN 1,239 58.49%  62.61%  58.49%  43.32%
TF-IDF(A1AWYAN 411150 baseline) 5,000 58.88% 7441%  58.88%  44.13%
TF-IDF(ANAWY L) 5,000 58.56% 75.75%  58.56%  43.39%
TF-IDF(ANAWY lvad), atimaaAn 6,239 58.63% 7418%  58.63%  43.57%
TF-IDF(ANAWYTlnsd), Aviem 5,000 58.67%  72.13%  58.67%  43.68%
TF-IDF(AAWYTlua), Avign, aiineedmn 6,239 58.72% 71.09%  58.72%  43.82%
TF-IDF(A1AWYIva), emoji 5,000 58.58% 73.69%  58.58%  43.46%
TF-IDF(A1AWY i), emoji tHnaa9A1 6,239 58.50%  75.73%  58.50% = 43.25%
TF-IDF(AAWyTlvad) emoji, Auem 5,000 58.71%  73.56%  58.71%  43.76%
TF-IDF(AAnyTlnad),emoji, A, 1in89A° 6,239 58.68%  71.42%  58.68%  43.73%
TF-IDF(A1ANTIVL), AMUAAIATNALS 5,000 58.60%  7577%  58.60%  43.48%
TF-IDF(A1AWYT VL), AMUaAIATNALS, T HATR9AN 6,239 58.59%  7577%  5859%  43.46%
TF-IDF(AAWYTLUa), AUanIAINAIe, ATUER 5,000 58.76% 74.81%  58.76%  43.85%
TF-IDF(ANAWYTLN), AMUAAIAITNAUA, AR, THATE
. 6,239 58.61%  7577%  58.61%  43.50%
AN
TF-IDF(AANY VL), AUARASIAINAILS, emoji 5,000 58.58% 73.69%  58.58%  43.46%
TF-IDF(AAWY b)), A UaRA9ANNAILA, emoji 1A R9AN 6,239 58.56% 75.75%  58.56%  43.39%
TF-IDF(AANWYTIL), AUanIAITNAILA, emoji, A1E 5,000 58.92%  73.93%  58.92%  44.24%
TF-IDF(AAWYTLUs), AUaRIA AL, emoji, Anien
_ X 6,239 58.61%  75.77%  58.61%  43.50%
JUAURIAN
(SelectkBest) TF-IDF(A1AWA1MN), ALLdA9AINALA
R _ . 3,400 58.84%  71.24%  58.84%  44.13%
,emoji,muqm,ﬂmmmm
(RFECV)TF-IDF(A1ANY L1id), AU ARIANNAILA
19 60.96%  62.16%  60.96%  52.57%

,emoji, AR, TUARIA
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Andsznad 27 Awdszneu 28 kazninwisznay 29

Feature ranking: Male Feature ranking: Female
1. feature 1733 'u' (9.531499) 1. feature 3654 "1’ (-4.580194)
2. feature 1892 “ias 6’ (4.167709) 2. feature 3150 'wy' (-4.063083)
3. feature 0 '[PPRSl]' (3.376668) 3. feature 4254 'wwy' (-3,932381)
4. feature 3757 'w' (2.737577) 4, feature 1771 'una' (-3.424094)
5. feature 4773 "I’ (2.525474) 5. feature 879 'an ' (-2.980579)
6. feature 611 'uag [PPRS]' (2.453884) 6. feature 244 'emojismilingface’ (-2.731358)
7. feature 401 f:'a'\ﬂl (2.408194) 7. feature 1741 'uy 37’ (-2.727551)
8. feature 3739 "sia’ (2.392156) 8. feature 4329 'wi' (-2.668886)
9, feature 3761 "www' (2.274725) 9. feature 1978 'uvuw' (-2.643448)
10. feature 4474 'is" (2.227278) 10. feature 3534 ' (-2.614642)
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SUALLTNANWLILANA89N T8 ana3u Logistic Regression

Feature ranking: Male Feature ranking: Female
1. feature 73 i (-4.257726940761637) 1. feature 73 ¢hu (-4.375517413228705)
2. feature 0 i (-4.474662742933059) 2, feature 631 [PPRS] (-4.721791099822703)
3. feature 1733 "1 (-4.740200556962689) 3. feature 3572 11l (-4.747961224920886)
4, feature 3972 16 (-4.881723622156299) 4, feature 2347 un (-4.802569456682942)
5. feature 4352 vauani (-4.906243113888185) 5. feature 4352 9 (-4.959614339496682)
6. feature 631 us? (~4.931078072377585) 6. feature 4963 us (-5.145945464953899)
7. feature 4656 wau (-5.13914297911999) 7. feature 2302 wnn (-5.268834549259967)
8. feature 4715 us (-5.1634844317011135) 8. feature 4715 wau (-5.285780021121461)
9. feature 2405 [PPRS] (-5.259315723688164) 9. feature 0 wauam (-5.301893561338753)
10. feature 4787 [number] (-5.2673010848425825) 10. feature 1285 [number] (-5.404924626097372)
IWATE WA

g- g

: :

G I

c c

& &

= @

E &

Ly L

3 =

= = .

— C

- -

@ &

— C

& &

ANANYNE (Wavdil) Anudnvy (AudTi)

o = 1

nwtlszney 28 AnidnmurIRNasaN IALWNINALWT AR A NEAUIBAN 1AW 10 A1 10

a

o o

WUALUINAINULLANae9R Ifeanesny Naive Bayes



Feature ranking:

44

1. feature 1733 'uy' (0.098432)
2. feature 0 '[PPRS]' (0.053904)
3. feature 3654 31" (0.039772)
4. feature 2347 'wn' (0.034586)
5. feature 4571 "lof" (0.024097)
6. feature 4329 "wi' (0.019261)
7. feature 1875 "un¥n’ (0.019139)
8. feature 368 'nn’ (0.018569)

9, feature 879 'amu W' (0.017526)
10. feature 3150 'wy' (0.016307)
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Awdsznay 30 nwdszneu 31 nawdseneu 32 waznwidseneu 33

Feature ranking: Male

feature 213 emojiexpressionlessface (0.16947795222470102)
feature 240 emojirollingonthefloorlaughing (-0.06625191642292254)
feature 226 emojigrinningfacewithbigeyes (-0.07551588069755608)
feature 234 emojikissingfacewithclosedeyes (-0.30263248654707353)
feature 253 emojithumbsup (-0.3423484205348641)

feature 237 emojipartypopper (-0.45503771062779325)

feature 216 emojifacesavoringfood (-0.5339611969164852)

feature 241 emojirose (-0.5609603555775244)

feature 224 emojigrinningface (-0.5955654358707887)

feature 212 emojicryingface (-0.6081113379289201)
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Feature ranking: Female

feature 244 emojismilingface (-2.5978108627761127)

feature 250 emojismilingfacewithsmilingeyes (-2.198384093340591)
feature 217 emojifacewithtearsofjoy (-2.1336860519949385)
feature 227 emofigrinningfacewithsmilingeyes (-1.9000338607887475)
feature 219 emojifoldedhands (-1.860376176260893)

feature 235 emojiloudlycryingface (-1.6315932558351447)

feature 238 emofjiredheart (-1.493735197642844)

feature 257 emojitwohearts (-1.421743637005194)

feature 231 emojigrinningsquintingface (-1.4193335195554357)
feature 214 emojifaceblowingakiss (-1.3724070509207447)
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Feature ranking: Male

feature 1515 €1 (0.979446240940179)
feature 2455 fmara (0.9628273895291269)
feature 3862 (fhulud (0.7889126323736316)
feature 2290 ifula (0.6106626987247947)
feature 3433 2133 (0.6106472261865159)
feature 3848 (fhnlné (0.600283308643298)
feature 518 i (0.5684106244926554)
feature 2279 uavi (0.41526739872047164)
feature 914 Aauno (0.3786854115379996)
feature 745 avay (0.32989643010590664)
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Feature ranking: Female

feature 1760 1 (-1.8590170831828523)
feature 1080 wau (-0.9839674124388479)
feature 680 ualii (-0.9637393978102244)
feature 853 Anin (-0.8235541675023199)
feature 979 2% (-0.7621023212921604)
feature 2010 ysvaneuil (-0.46254224061256183)
feature 1863 Uy (-0.42370674659100604)
feature 3681 a7 (-0.39410673078449826)
feature 740 av (-0.28553700189666736)
feature 1960 1197 (-0.06818913534980629)
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Feature ranking: Male

feature 1733 ux (9.570024038455779)
feature 2674 5 (1.9738897261689436)
feature 4571 14 (1.9529423467793108)
feature 2020 U%u (1.5620265876820698)
feature 4169 un (1.4959442982614222)
feature 2955 aunu (1.4833679382301679)
feature 2717 av (1.4279374184482019)
feature 1500 fia (1.3856106578559007)
feature 2770 ax (1.1872219982245125)
feature 1999 Usznau (1.1355581109989903)
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Feature ranking: Female

feature 1771 uw (-2.52244774751115)
feature 1675 nnau (-1.6086597600769246)
feature 729 11 (-1.363718403519632)
feature 3257 win (-1.2501344086032187)
feature 2155 wiau (-1.2297918060290016)
feature 1103 1 (-1.1852641210387904)
feature 1009 3v (-1.1429313645005748)
feature 3042 aunsn (-1.1361184517367817)
feature 1689 vin (-1.1340634389864448)
feature 1033 41 (-1.1305825779470893)
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Feature ranking: Male

feature 5841 PPRS (2.556533170713862)
feature 5059 ADVN PPRS (1.2756293307729862)
feature 6160 XVAM JSBR (1.2009547335877768)
feature 6004 VACT NCNM (1.1394152350690252)
feature 5327 DDAN VSTA (1.1301188434284635)
feature 5927 PUNC JSBR (1,102058914426739)
feature 6035 VATT DIBQ (1.0915961896642523)
feature 5694 NEG JCRG (1.0575067628201382)
feature 5149 CLTV DIAC (1.0306025848312732)
feature 5575 JCRG VATT (1.0269462783432872)
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Feature ranking: Female

feature 5865 PPRS NPRP (-1.6816247262021606)
feature 5328 DDAN XVAE (-1.60289964582261)
feature 5851 PPRS DDAN (-1.2729834048259996)
feature 5756 NTTL (-1.2631987307968189)
feature 6112 XVAE DDAC (-1.2006878506604464)
feature 6237 XVMM XVBM (-1.1998896334391764)
feature 5816 PNTR DDBQ (-1.1705176791670597)
feature 6054 VATT VACT (-1.1647761609178489)
feature 5316 DDAN NCMN (-1.0782025854063149)
feature 5030 ADVN ADVI (-1.054080526496033)
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52 ANENNARILULIIADILANATNDANDINNN MIAS1IBLLINADY

o a K

AINNNTAFIULLLANABINITAUUNINARILSANEINN 3 SANEINN MW Logistic

o [ v o =

Regression, Naive Bayes Lag Random Forest uumﬂ?@mmmumamwLmum@mﬁu

u

AMWIUAITEUIN 11 = 96 A1 waTINaAdaLlssAnBnTnuLLAIaesuLgadayanadaL?

Fa1UIUA1721374 11 - 96 A1 TaeldAn Weighted average 189 Accuracy, Precision,

o o

Recall WA F1 Score WAL AN AT NUBILLLA1ARY IGNARNSAIANTI9 14 11919 15

A a

WAZANT9 16 AzliulAd1ANUsLANENINTRIUL LA ARINANAAN A Accuracy 76.62%,

q
] 1

Precision 76.49%, Recall 76.62% Waz F1 Score 76.40% @4 14Ananunsz TF-IDF Nanin
anAAnWlud, emoji, AmeA LazainadAn $aNLUSANa3NN Logistic Regression lunng

AF19ULLRNADY
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A9 14 HAANER9U sz AVENMULLANAR9T 8ANe3N Logistic Regression Lugadasa

dl [ o ! °
NARALUNUANUIUAITENINN 11 — 96 AN

o U
ATURNLU o Accuracy  Precision Recall F-1
AUAN BN
emaji 789 59.34% 68.95%  59.34%  46.29%
ATLAANAITNAILA 200 59.20% 59.38%  59.20%  49.36%
ANEL 1,030 66.12% 65.63%  66.12%  65.34%
ThAU89AN 1,239 60.66% 59.53%  60.66%  57.66%
TF- IDF( VAN 411150 baseline) 5,000 74.50% 74.38%  74.50%  74.12%
TF-IDF(R1AWY ) 5,000 74.42% 74.29%  74.42%  74.03%
TF- IDF(ﬁ wiilud), atiarasAn 6,239 74.80% 74.67%  74.80%  74.45%
TF-IDF(AAnv i), Avigm 5,000 76.34% 76.21%  76.34%  76.11%
TF-IDF(AAWYlus), Angn, 15inTeeAn 6,239 76.49% 76.36%  76.49%  76.28%
TF- IDF(ﬁ Fwiluad),emoji 5,000 74.68% T457%  74.68%  74.30%
TF-IDF(ANAWY L), emoiji 1ina89AN 6,239 75.02% 74.91%  75.02%  74.68%
TF-IDF (A Anvilusl), emoiji, ANvigm 5,000 76.47% 76.34%  76.47%  76.23%
TF-|DF(ﬁ1¢Tww‘LmJ ),emoji, AMnglA, TUAUDIAT 6,239 76.62% 76.49%  76.62%  76.40%
TF-IDF(AAWYIUL), AUaASANNAILA 5,000 74.51% 7439%  74.51%  74.13%
TF—IDF(ﬁW wlud), AuansmuadLe, 1inaaean 6,239 74.74% 74.61%  74.74%  74.39%
TF-IDF(AAWYTLIN), ATLARIAYINAIA, ATUER 5,000 76.27% 76.14%  76.27%  76.03%
TF-IDF (A AWYTLIs), ANUaAIAINAILA, AIER THALR
. 6,239 76.41% 76.28%  76.41%  76.19%
AN
TF-IDF(AAWYIUL), AMULAASAITNAILA, emoji 5,000 74.69% 7458%  74.69%  74.31%
TF-IDF(ANAWY 1), AL aAIAINASLE, emoji, THATRIAN 6,239 74.90% 7478%  74.90%  74.55%
TF-IDF(AAWYTlIN), AUanaAITNAILa, emoji, A1ign 5,000 76.41%  76.29%  76.41%  76.17%
TF-IDF(AAWYTLYN), AUARIA AL, emoji, ANUElR
_ . 6,239 76.55% 76.43%  76.55%  76.33%
LUAURIAN
(SelectkBest) TF-IDF(A1ANWY 1), AU A9AITNAILA
. _ . 6,011 76.40% 76.27%  76.40%  76.16%
,emoji,muqm,‘nummm
(RFECV)TF-IDF(A1ANYLUM), AMLAAIAINNAILA,emoji,
5,378 76.57% 76.44%  76.57%  76.35%

ANNELA, THAYBIA
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FI1974 15 HAANER9L sz AVENMULLANA 097 8ANasTIN Naive Bayes Uutadayanaday

dld [ o ! °
NURANUIUAITENINNE 11 — 96 AN

. AU
ATUANHILL o Accuracy  Precision Recall F-1
ATMANHUY
emoji 789 59.11% 69.81% 59.11% 45.62%
ANLAAIAINNAILA 200 59.15% 59.40% 59.15% 49.08%
ﬁwmm 1,030 63.04% 65.20% 63.04% 57.12%
INARIAT 1,239 59.06% 61.71% 59.06% 47.12%
TF-IDF(AAWYILAN §1115U baseline) 5,000 73.08% 73.04%  73.08% = 72.48%
TF- IDF(ﬁ wWiiluw) 5,000 73.03% 72.98%  73.03%  72.42%
TF-IDF(A 1/1“1,1/134 mummm 6,239 73.18% 73.12% 73.18% 72.61%
TF- IDF(ﬁ Fwyilviad), Avigim 5,000 73.74% 73.89%  73.74%  73.01%
TF-IDF(AAWYTluis), Amen, 1tinaedmn 6,239 73.63% 73.72%  73.63%  72.95%
TF—IDF(ﬁ’W ‘WVﬂMN),emoji 5,000 73.28% 73.25% 73.28% 72.67%
TF-IDF(A 1/1“1,1/134 ),emoaji, TRATRIAT 6,239 73.45% 73.41% 73.45% 72.88%
TF-IDF(ﬂ’]FIWVﬂMN ),emoji, ﬂ’m%lm 5,000 73.91% 74.07% 73.91% 73.19%
TF-IDF(A WA‘LVIN ),emoji, muﬂm TNAYRIAT 6,239 73.73% 73.81% 73.73% 73.06%
TF-IDF(ANANTIUN), ANLEAIANNAILA 5,000 73.09% 73.06%  73.09% = 72.48%
TF-IDF(ANAWY 1), A UaAIANASLS, THATAIAN 6,239 73.26% 73.21%  73.26%  72.68%
TF-IDF (A AWYTLIs), ANUaAIAINAILS, ATYER 5,000 73.61%  73.79%  73.61%  72.85%
TF-IDF(AAWYTLNN), AMUAAIA AL, ATER, THATBY
. 6,239 73.46% 73.53% 73.46% 72.78%
A1
TF-IDF(AAWYIUL), A UAASATNAILE, emoji 5,000 73.32%  7329%  73.32%  72.71%
TF—IDF(ﬂo A ‘VﬂVIQJ ﬂ’]LLﬂmdﬂ'ﬂNﬂ\iLﬂ ,emoji, INAARIAT 6,239 73.39% 73.34% 73.39% 72.82%
TF-IDF(AAWYTLYN), AMUARAIATHAILA, emoji, A1iEln 5,000 73.80% 73.99%  73.80%  73.05%
TF-IDF(A1AWYTLna), AMUaAIAIINAIA emoji, 1A
- . 6,239 73.66% 73.74% 73.66% 72.98%
alAIR9A1
(SelectkBest) TF-IDF(ANANY ), AMLAAIAINHAILA
. - B 3,943 73.62% 73.70% 73.62% 72.94%
,emoji,Auen, 1lAUaIA
(RFECV)TF-IDF(A AWV IUA), AMUaAdAINNAILS, emoji,
6,722 73.66% 73.74% 73.66% 72.98%

ANELA, THALBIAN




o

49

511999 16 HAANTIBILITTANBNINULLANAD9N [F8anasNn Random Forest Uugadasya

dl [ o ! °
NARALUNUANUIUAITENINN 11 — 96 AN

. AU
ATUAN TN o Accuracy  Precision Recall F-1
ADIANTUL
emoji 789 58.95% 70.30%  58.95%  45.17%
ATLAASAITNAURN 200 59.03% 61.17%  59.03%  47.26%
ANELR 1,030 59.25% 69.08%  59.25%  46.04%
Tnua9An 1,239 58.48% 68.34%  58.48%  44.11%
TF-IDF(ANAWYILAN &19FL baseline) 5,000 60.40% 7157%  60.40%  48.48%
TF- IDF(ﬁ Wyilvrad) 5,000 60.26% 72.28%  60.26%  48.06%
TF-IDF(A AWV Iud) giinaaan 6,239 59.96% 72.27%  59.96% = 47.39%
TF- IDF(ﬁ Fwyilviad), Aigin 5,000 61.38% 72.55%  61.38%  50.50%
TF-IDF(AAWYTluis), Amen, 1tin1edmn 6,239 60.65% 72.54%  60.65%  48.90%
TF—IDF(ﬁW Fwludd),emoji 5,000 60.63% 71.73%  60.63%  48.97%
TF-IDF(AAWYua) emoiji Hia1a3A1 6,239 60.04% 72.16%  60.04%  47.59%
TF-IDF(AnAWYTlvis) ,emoji, ANuelm 5,000 61.14% 73.01%  61.14%  49.90%
TF-IDF (A Anyiluad), emoji, Aviem, 1A 89A7 6,239 60.60% 72.95%  60.60% = 48.74%
TF-IDF(AANYIUL), A UdASAINNAILA 5,000 60.40% 72.54%  60.40% = 48.34%
TF- IDF(ﬂD Wiilud), A ULARAIANNAILS, THATAIAN 6,239 60.38% 72.35%  60.38%  48.32%
TF-IDF (A1 AWYTLIs), ANUaAIATNAILA, ATYER 5,000 61.04%  72.96%  61.04%  49.70%
TF-IDF (A AWYTLIs), ANUaAIAINAA, AER THALR
. 6,239 61.21% 72.60%  61.21%  50.13%
AN
TF-IDF(AAWY W), AMULAASAITNAILE,emoji 5,000 60.42% 72.32%  60.42%  48.41%
TF-IDF(AANYLuia), AMUAASAINAILN, emoji THATBIAN 6,239 60.40%  72.33%  60.40%  48.38%
TF-IDF(AAWYTLYN), AUARAIA AL, emoji, A1iElR 5,000 61.41% 72.82%  61.41%  50.53%
TF-IDF(AAWYTLYN), AUARAIATHAILA, emoji, AN1iElR
_ . 6,239 61.14% 73.33%  61.14%  49.86%
JMUAUBRIAN
(SelectkBest) TF-IDF(A1ANWY 1), AU A9AINALLA
. - . 2,958 61.42% 73.26%  61.42%  50.46%
,emoji,ﬂﬂﬂﬂﬂ,”ﬁuﬁﬂ@\iﬂﬂ
(RFECV)TF-IDF(AMANWY L1A3), AL ARIAINAILA
338 65.64% 71.62%  65.64%  59.55%

,emoji, AMuen, TUAUBIAN
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Awdsznay 34 nwdseneau 35 kazninwisznay 36

Feature ranking: Male

1. feature 1804 'uz' (13.071988)

2. feature 2913 'muén' (9.089325)

3. feature 646 "uas [PPRS]' (6.140260)
4. feature 4988 'q[PPRS]' (5.772948)
5. feature 837 'y’ (5.623227)

6. feature 3047 'd@usia [PPRS]' (5.143666)
7. feature 1949 "daa 16’ (4.622110)

8. feature 0 '[PPRS]' (3.901204)

9, feature 343 ‘windows’ (3.565300)
10. feature 3882 "wnuwuna' (3.558142)
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Feature ranking: Female

1, feature 2912 ‘munod’ (-12,994261)
2. feature 4204 "wuu' (-7.982714)

3. feature 4441 "Th' (-5.965768)

4. feature 3077 'wy' (-5.811869)

5. feature 4088 'u' (-5.228676)

6. feature 1853 'uve' (-4.980218)

7. feature 667 'uaas' (-4.437986)
8. feature 2974 'mil’ (-4.403093)

9, feature 251 'emajifacewithtearsofjoy’ (-4.356112)
10. feature 27189 "azas' (-4.332153)
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ANTFAUUNNALUTATE
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UANNANUIUANTZUING 11 — 96

a

A1 10 BuALLINAINKULANaes Ideanesnu Logistic Regression

Feature ranking: Male

1. feature 105 "hi (-4.58481702671914)

2. feature 0 u& (-4.604937749227037)

3. feature 531 3 (-5.0235855822280655)

4. feature 1666 14 (-5.19273171360982)

5. feature 1804 14 (-5.197803320354421)

6. feature 4630 u (-5.24382959200607)

7. feature 4706 ¥ (-5.248365586601802)

8. feature 973 f (-5.269703197893586)

9. feature 4313 [PPRS] (-5.303458649552759)
10, feature 4779 [number] (-5.3378078432702445)

LWAYE

Feature ranking: Female

1. feature 105 14 (-4.767534449760516)

2. feature 0 3¢ (-4.936298497315779)

3. feature 3884 11 (-5.140041500382649)

4. feature 531 1 (-5.145106544690887)

5. feature 1666 ud? (-5.202382205373458)
6. feature 4313 # (-5.322054652351324)

7. feature 4954 fi (-5.322301630123245)

8. feature 4706 \au (-5.3371735339663395)
9. feature 973 [PPRS] (-5.343313551979225)
10. feature 4630 [number] (-5.356776053649836)
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Feature ranking:

51

1. feature 1804 'uv' (0.060647)

2. feature 2719 'avas’ (0.041521)
3. feature 2363 'wn' (0.038957)

4. feature 0 '[PPRS]' (0.035068)

5. feature 2912 'munud' (0.029125)
6. feature 1523 'd1' (0.025467)

7. feature 1945 "iny' (0.025120)

8. feature 4496 '14 (0.023857)

9. feature 1853 'un' (0.020750)
10. feature 1087 'vay’ (0.019825)
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A1 10 FUALLINANALLLANAa97 [98ana3914 Random Forest
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Feature ranking: Male

feature 279 emojigrinningsquintingface (-0.41047401202159284)
feature 286 emojithumbsup (-0.8633790449492202)

feature 282 emojipartypopper (-1.0047369268035027)

feature 273 emojibeamingfacewithsmilingeyes (-1.3028588568868833)
feature 283 emojiredheart (-1.5819607309302575)

feature 284 emojismilingface (-2.4673478318584663)

feature 276 emojifoldedhands (-2.55865886843175)

feature 278 emojigrinningfacewithsweat (-2.7866677718564046)
feature 280 emojiloudlycryingface (-3.0514936600632714)

feature 285 emojismilingfacewithsmilingeyes (-3.292800983776578)
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Feature ranking: Female

feature 274 emojifacewithtearsofjoy (-4.161687102663496)

feature 285 emojismilingfacewithsmilingeyes (-3.292800983776578)
feature 280 emojiloudlycryingface (-3.0514936600632714)

feature 278 emojigrinningfacewithsweat (-2.7866677718564046)
feature 276 emojifoldedhands (-2.55865886843175)

feature 284 emojismilingface (-2.4673478318584663)

feature 283 emojiredheart (-1.5819607309302575)

feature 273 emojibeamingfacewithsmilingeyes (-1.3028588568868833)
feature 282 emofipartypopper (-1.0047369268035027)

feature 286 emojithumbsup (-0.8633790449492202)
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Feature ranking: Male

feature 1707 uy (12.889436261674389)
feature 572 g (2.672929197214477)

feature 4056 un (2.455671265814501)
feature 2628 av (2.172824931926008)
feature 1834 1y (1.7765138561382854)
feature 3510 12iu (1.7150759825521342)
feature 2118 WasuAds (1.6585220242363832)
feature 1092 % (1.6498447683749697)
feature 1752 fuuwaz (1.5999202889410977)
feature 3363 1 (1.5505114876728925)

52

Feature ranking: Female

feature 999 1 (-3.9371174249270675)
feature 1760 uw (-3.1404745191766916)
feature 701 11 (-2.724837661117886)
feature 2264 1un (-1.844682579444867)
feature 1229 sawdu (-1.7796609160369572)
feature 1661 vinau (-1.5702045069997792)
feature 2212 siu (-1.5458534773174417)
feature 1488 viotl (-1.5184688446381818)
feature 1832 viu (-1.479907904377998)
feature 2088 wenuny (-1.4678432970430775)
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Feature ranking: Male

feature 6247 PPRS (5.574110244879555)

feature 5449 DDAN PPRS (2.5102761422547673)
feature 6070 NLBL VACT (1.4504258722593708)
feature 6288 PPRS XVAM (1.368250353882232)
feature 5944 NCMN DDAN (1,2938376139768286)
feature 6255 PPRS CNIT (1.260533415523772)
feature 5491 DDBQ CFQC (1.2401761637414255)
feature 6278 PPRS PDMN (1.2396858609327057)
feature 5896 JSBR CLTV (1.2012156360719985)
feature 5841 JCMP VATT (1.1701242719566263)
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Feature ranking: Female

feature 6276 PPRS NPRP (-2.398513264211654)
feature 6258 PPRS DDAN (-2.309398916571035)
feature 6284 PPRS VACT (-2.123202579207484)
feature 5409 DDAC PPRS (-1.882770442075738)
feature 6271 PPRS NCMN (-1.8544983108694646)
feature 6125 NTTL (-1.8191102871307747)
feature 6285 PPRS VATT (-1.7292003198055816)
feature 6270 PPRS JSBR (-1.6657657639784014)
feature 6157 NTTL VACT (-1.6366608403081182)
feature 6345 PUNC DDAC (-1.550990075779477)
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UseANENMWARILLUANADIVUTATDUANARAUNNITUIUAITEUING 97 - 200 AN
UssANENMWARILULANABIUENANNAANDTNNT TR UULAIADS

o a R

AMNNTAFIULILANABINTTINUUNNASRESANe TN 3 8anesna e Logistic

¥ 4 [

Regression, Naive Bayes Lag Random Forest Uuﬁm"ﬂﬂmammumm%ﬂLLuuﬁﬁ@ﬂ\‘lﬁﬁ

u

RNUIUANTENGNN 97 — 200 AN KATYIINNINAAELLTEANENINLLLAN AN LUTAdRyaNAFeL

ARAUIUATTENING 97 — 200 AN TaaldAn Weighted average 289 Accuracy, Precision,

v o

Recall uaz F1 Score \lufadntsc@nininaaduunanasd IANAANSAIA1919 17 £11919 18

uAZA119 19 aziiulddAntlss@nnnaesunusiaesiiaigaien Accuracy 79.04%,

Precision 79.03%, Recall 79.04% Waz F1 Score 78.98% %ﬂ%’@mﬂ“ﬂwmz TF-IDF ﬁ@ﬁm

AINAANTIIN, AUARIAINALLA, emoji, AYgA WazalAL8A FaNALEANEINN Logistic
u

Regression uazldaanainy SelectkBest luntsiaanauansusnangnlunisaing

WULRNABY
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FIN94 17 HAANER9U sz AVENMULLANAR9T 8aNesN Logistic Regression Lugadasa

dl [ o ! °
NARALUNNANUIUATITEUNINN 97 — 200 AN

o U
ATURNLU o Accuracy  Precision Recall F-1
ATMANHUE
emoji 789 55.90% 66.89% 55.90% 42.52%
ANLARIAINAILA 200 59.42% 59.22% 59.42% 57.77%
ﬁmqm 1,030 68.69% 68.61% 68.69% 68.62%
IUATRIAT 1,615 61.63% 61.42% 61.63% 60.89%
TF- IDF( SWVlAN &Fu baseline) 5,000 77.52% 77.50% 77.52% 77.45%
TF-IDF(A 1/1“1,1/134 5,000 77.75% 77.73% 77.75% 77.67%
TF- IDF(ﬁ wWiiluw) gtinaa9An 6,615 78.51% 78.48%  78.51%  78.46%
TF-IDF(A 1/1“1,1/134 muﬂm 5,000 78.73% 78.71% 78.73% 78.67%
TF-IDF(A 1/1“1,1/134 m‘vmm 1hAUB9AT 6,615 78.92% 78.89% 78.92% 78.86%
TF- IDF(ﬁ Fwiluad),emoji 5,000 77.81% 7779%  77.81%  77.74%
TF-IDF(AAWY ) emoiji tiana9A1 6,615 78.19% 78.16%  78.19%  78.14%
TF-IDF(AAWYTLnx) emoji,Avieln 5,000 78.89%  78.87%  78.89%  78.82%
TF-IDF(AAWYTlva),emoji, AN¥ie, THALEIAN 6,615 78.95% 78.93%  78.95%  78.90%
TF-IDF(AAWYV VL), A UAASAINNAILA 5,000 77.75% T772%  77.75%  77.68%
TF-IDF(A V]“LMSJ mmmmmmm INATBIAN 6,615 78.38% 78.36% 78.38% 78.32%
TF-IDF(ﬁWﬂ”WW“LmJ),ﬁ'}memmr&”\m,ﬁ’wgm 5,000 78.51% 78.49%  78.51%  78.44%
TF-IDF(AAWYTLNN), AMUARAIATHAIA, ATELR, THATBY
. 6,615 78.76% 78.73% 78.76% 78.71%
AN
TF-IDF(AANYIUL), A UAASAITNAILE, emoji 5,000 77.62%  77.60%  77.62% = 77.55%
TF-IDF(AAWYIVL), AMUAAIATNAILS, emoji, THATB9AN 6,615 78.19% 7817%  78.19%  78.13%
TF-IDF (A AN LIN), AMUaRAIAITNATLA emoji, AEA 5,000 78.38%  78.36%  78.38%  78.31%
TF-IDF(A1ANYTLMa), AMUaAIAINAA emoji, AviEA
- . 6,615 78.89% 78.86% 78.89% 78.84%
AlaUa9A1
(SelectkBest) TF-IDF(AMANY L1A), A LARIANNAILA
. - . 4,206 79.04% 79.03% 79.04% 78.98%
,emoji, AUElA, TUAUBIAT
(RFECV)TF-IDF(A1ANYLUM), AMLARIAINNAILA,emoji,
2,985 78.98% 78.96% 78.98% 78.92%

ANNELA, THAYBIA
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F99 18 HAANTIBILITTANBNINULILANADIT IF6anasny Naive Bayes Ungadayanaaat

ARA1UILANTZIUING 97 — 200 AN

o U
ATURNLU o Accuracy  Precision Recall F-1
ADIANTUE
emaji 789 55.90% 67.59%  55.90%  42.42%
ATLAANAITNAILN 200 58.88% 60.58%  58.88%  53.65%
ANEL 1,030 64.86% 66.09%  64.86%  62.91%
1UALRIAT 1,615 56.22% 63.78%  56.22%  43.99%
TF- IDF( WVlAN 1L baseline) 5,000 75.82% 75.77%  75.82%  75.77%
TF-IDF(R1AWY ) 5,000 75.78% 75.74%  75.78%  75.74%
TF-IDF(ANAWY luad), atinnasAn 6,615 75.59% 75.56%  75.59%  75.51%
TF-IDF(AAnvlun), Avigm 5,000 75.69% 75.68%  75.69%  75.57%
TF-IDF(AAnyilusl), Angn, 15iA289A1 6,615 75.34% 75.35%  75.34%  75.20%
TF—IDF(mﬂWVﬂMN),emoji 5,000 75.85% 7581%  75.85%  75.80%
TF-IDF(AAWY ), emoiji taTa9A1 6,615 75.56% 75.52%  75.56%  75.48%
TF-IDF(ANAWYi Lsi),emoji, Avigm 5,000 75.88%  75.87%  75.88%  75.77%
TF- IDF(ﬁ wiilud),emoji, Avign, tin83AN 6,615 75.47% 75.48%  75.47%  75.33%
TF-IDF(AANYIUL), A UaASAINNAILA 5,000 75.78% 75.74%  75.78%  75.74%
TF—IDF(ﬁ wlud), AuansaNada, 1inaaean 6,615 75.25% 75.20%  75.25%  75.17%
TF-IDF(AAWYTLI), ATLARIAYINAIS, ATUER 5,000 75.37% 75.36%  75.37%  75.25%
TF-IDF (A AWYTLis), AMUaAIAINAdLS, e THALE
. 6,615 74.99% 75.02%  74.99%  74.83%
AN
TF-IDF(AAWY W), AMULAASAITNAILA, emoji 5,000 75.85% 75.81%  75.85%  75.80%
TF-IDF(AAWYIVL), AMUAAIATNAILA, emoji, T AT B9AN 6,615 75.44% 75.40%  75.44%  75.36%
TF-IDF(AAWYTLuN), AUanamITNAadLa, emoji, Avgn 5,000 75.50%  75.49%  75.50%  75.38%
TF-IDF(AAWYTLYN), AUARAIATHAILA, emoji, AN1iElR
_ . 6,615 75.18% 75.21%  75.18%  75.02%
LMUAURIAN
(SelectkBest) TF-IDF(A1ANWY 1), AU A9AITNAILA
. _ . 3,685 75.12% 75.15%  75.12%  74.96%
,emoji,muqm,‘*ﬁum“ﬂmm
(RFECV)TF-IDF(A1ANYLUM), AMLAAIAINNAILA,emoji,
6,615 75.18% 7521%  75.18%  75.02%

ANNELA, THAYBIA
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F11999 19 HAANSIBILTTANBNINULLANAD9N [F8anasNn Random Forest Ulgadasa

dl [ o ! °
NARALUNNANUIUATITEUNINN 97 — 200 AN

. AU
ATUANHILL o Accuracy  Precision Recall F-1
ATIANEUY
emoji 789 55.59% 66.73% 55.59% 41.71%
ANLAAIAINNAILA 200 58.63% 61.75% 58.63% 51.81%
ﬁ’m%m 1,030 65.18% 69.55% 65.18% 61.46%
INARIAT 1,615 59.16% 63.23% 59.16% 52.20%
TF-IDF(ANAWYILAN &195L baseline) 5,000 69.07% 73.64%  69.07%  66.38%
TF- IDF(ﬁ vl 5,000 68.95% 73.46%  68.95% = 66.24%
TF-IDF(A 1/1“1,1/134 mummm 6,615 69.20% 74.57% 69.20% 66.26%
TF-IDF(AAWYTlvis), Amigin 5,000 70.43% 75.03%  70.43%  68.01%
TF-IDF(AAWYTlus), Amen, 1linedan 6,615 70.43% 74.92%  70.43%  68.05%
TF-IDF(A 1/1“1,1/134 ),emoji 5,000 69.01% 73.55% 69.01% 66.31%
TF-IDF(A 1/1“1,1/134 ),emoji, FRAYRIAT 6,615 68.44% 73.06% 68.44% 65.57%
TF- IDF(ﬁ wyilud),emoji, AngA 5,000 69.39% 73.81%  69.39%  66.81%
TF-IDF(A w"Lvm ),emoji, muﬂm TNAYRIAT 6,615 70.15% 74.86% 70.15% 67.64%
TF-IDF(A w"Lvm mmmmmmm 5,000 69.77% 74.49% 69.77% 67.17%
TF- IDF(ﬂ" nvilv), AlansANale 1 inTedAn 6,615 69.17% 74.16%  69.17%  66.35%
TF-IDF (A AWYTLIs), ANUaAIATNAILS, AIYER 5,000 70.85%  75.54%  70.85%  68.48%
TF-IDF (A AWYTLIs), ANUaAIAINAdA, AER, THALE
. 6,615 69.23% 73.96% 69.23% 66.51%
AN
TF-IDF(AAWYIUL), AMULAASAITNAILA,emOji 5,000 69.86% 74.65%  69.86%  67.27%
TF-IDF(A 1 vﬂuu mmmmmmm ,emoji, INAARIAT 6,615 69.33% 74.32% 69.33% 66.54%
TF-IDF(AANYTLYN), AUARAIA AL, emoji, AUElR 5,000 70.72% 7513%  70.72%  68.41%
TF-IDF(AANYTLYN), AUARAIATHAILA, emoji, ANUiElR
_ . 6,615 69.61% 74.29% 69.61% 66.99%
AUAURIAN
(SelectkBest) TF-IDF(A1ANWY11d), AU AIAITNAILA
. - B 4,300 70.18% 74.46% 70.18% 67.82%
,emoji, AMelR, TATBIAT
(RFECV)TF-IDF(AMAWY L1A3), AL ARIAINAILA
345 72.55% 74.60%  72.55%  71.34%

,emoji, Auen, TUAUBIAN
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Feature ranking: Male

1. feature 1854 'uy' (9.676438)

2. feature 2978 'suvin' (5.805547)

3. feature 3276 "Wu' (2.624444)

4. feature 2036 "uaa' (2.546801)

5. feature 668 "uas [PPRS]' (2.506980)

6. feature 173 "[number] auin’ (2.391598)
7. feature 2642 'svau’ (2.302317)

8. feature 1877 "inuay' (2.286762)

9. feature 3130 'shué [PPRS]' (2.217943)
10. feature 2680 'mia1' (2.127600)
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o a oy & v o
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nNau 42

Feature ranking: Female

1. feature 2977 'sunnd' (-4.712052)
2. feature 4234 "uuu' (-4.588995)
3. feature 2778 'avas’ (-3.657206)
4, feature 3479 'ay' (-3.543972)

5. feature 694 'vaam' (-3.444827)
6. feature 1901 "uwa' (-3.245131)

7. feature 4309 ‘i’ (-2.642766)

8. feature 4305 "urluady' (-2.627011)
9. feature 3049 'anil’ (-2.428674)
10, feature 2303 ‘A’ (-2.411213)
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200 AN 10 SUALLINANNLLLA1A9N Meana3na Logistic Regression

Feature ranking: Male

1. feature 96 {i (-4.7182086946389585)

2, feature 0 w1 (-4.877481234360519)

3. feature 551 i (-5.181781986710594)

4, feature 1698 16 (-5.321741782728548)

5. feature 1023 1 (-5.508366758458515)

6. feature 4735 3¢ (-5.576459275648963)

7. feature 4658 7 (-5.611250326156301)

8. feature 4795 A (-5.674805944780701)

9. feature 2382 [PPRS] (-5.690137886357447)
10. feature 2465 [number] (-5.698862532302586)
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Feature ranking: Female

1. feature 96 « (-4.8885910709144484)

2. feature 0 14 (-4.994366768147756)

3. feature 551 " (-5.275785052067057)

4, feature 1698 usi (-5.345714324933186)

5. feature 1023 16 (-5.633498794815996)

6. feature 4658 2y (-5.667451415741976)

7. feature 4176 7 (-5.683073057403048)

8. feature 4795 f (-5.700397021885533)

9. feature 4735 [PPRS] (-5.71546848634992)
10. feature 4955 [number] (-5.722589405533211)

WA
g..
QE'
=,
=
.
&
" pudnune (AvEvi)
v dld o o I
LN L‘WﬂUHﬁﬂﬂﬂH@%NQWHQMﬂW?3MQWQ 97 —

ansi lfeanesnu Naive Bayes



58

Feature ranking:

1. feature 1854 'uy' (0.031983)

2. feature 4531 197" (0.023455)

3. feature 1987 “iav' (0.021364)
4. feature 2977 'sunus’ (0.020143)
5. feature 4234 "uuy' (0.017766)
6. feature 1141 'way' (0.017586)
7. feature 2778 'avas' (0.017062)
8. feature 2007 'um' (0.015731)

9. feature 3276 W' (0.014729)

10. feature 4305 'urluady' (0.013758)
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200 A1 10 BuALLINANLLLA AR d8anasny Random Forest
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dlal 1 o o d‘ Yo a a allddl
ARANHEUTNHHAFANIIINUUNNAIINULLINGBN WAL sz ANEN M NATg A
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LUGATDYANHINUIUAITENINT 97 — 200 A1 10 FUALIUTN LENATNLIZNNADIANHEUE B9
LAANAININLTENAL 43 Nnilsznas 44 NwUsznau 45 wazNINLgznal 46 WAA1TU

emoji AzHINEN 3 FUALWINTU HeaIniuLaaeslil emoji (e 3 ATUANHRIZIINTLAIN

v
o/ o
ARIANBIUSTINUINA
Feature ranking: Male ) Feature ranking: Female
feature 259 emojigrinningsquintingface (0.7613289687987791) feature 258 emojifacewithtearsofjoy (-1.7124380232396859)
feature 260 emojismilingfacewithsmilingeyes (-0.8820581081251532)  feature 260 emojismilingfacewithsmilingeyes (-0.8820581081251532)
feature 258 emojifacewithtearsofjoy (-1.7124380232396859) feature 259 emojigrinningsquintingface (0.7613289687987791)
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Feature ranking: Male

feature 1548 61 (1.2178824512508417)
feature 551 fi (0.5605162617670935)

feature 4244 wunhin (0.5599676033831974)
feature 1979 iy (0.4840884809069816)
feature 1982 1inaziilu (0.47582995127580874)
feature 2057 won% (0.4281096062862538)
feature 888 a1ai1 (0.4145876675780778)
feature 1019 a%aqua (0.32391890658102546)
feature 1093 4169 (0.2925721056452458)
feature 2963 auné (0.20523126369920963)
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Feature ranking: Male

feature 1854 ux (9.646406266833171)
feature 4531 14 (1.8553445070340495)
feature 3708 winiu (1.737975435193685)
feature 2265 win (1.672796357146552)
feature 4129 un (1.6332098367248904)
feature 1787 i1 (1.4727875231617231)
feature 2564 u1n (1.4596377445125293)
feature 2758 aa (1.4173805537407664)
feature 2775 ay (1.371061890088025)
feature 3837 witu (1.355032816755873)
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Feature ranking: Female

feature 1141 way (-1.8540453311948017)
feature 904 Aan (-1.6088126103245728)
feature 3387 avlsuuuil (-0.948500158532769)
feature 4245 wunih v (-0.8991027639146889)
feature 2122 wszunaudl (-0.8073712238079314)
feature 1883 1lu (-0.7800544361803912)
feature 705 ualvi (-0.6575028667718149)
feature 2737 §@n31 (-0.5903250574678021)
feature 2373 1nav (-0.5280678916998149)
feature 2097 1 (-0.4937749023098782)
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Feature ranking: Female

feature 1901 w1 (-2.3862299005026273)
feature 1125 31 (-1.9691035820777714)
feature 2421 wn (-1.7272393913610755)
feature 1330 éu (-1.7215027886933036)
feature 904 An31 (-1.6088126103245728)
feature 2314 wia (-1.5940375413533994)
feature 1617 viofi (-1.556904902125048)
feature 1808 nnau (-1.5371951539420838)
feature 3840 1iuiéiu (-1.4980638132963982)
feature 3259 wn (-1.316192161425916)
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Feature ranking: Male

feature 6209 PPRS VSTA (3.1706674736058607)
feature 6210 PPRS XVAE (1.4636919797072467)
feature 6318 RPRE NCMN (1.2643212449313421)
feature 6248 PREL VATT (1.106276371042517)
feature 6208 PPRS VATT (1.0754669894899846)
feature 5851 JSBR DDBQ (1.061358278246836)
feature 5840 JSBR ADVN (1.0390578203989789)
feature 6211 PPRS XVAM (1.0363006358241824)

Feature ranking: Female

feature 6196 PPRS NCMN (-2.0558590767977196)
feature 6367 VACT PPRS (-1.7149208574227315)
feature 6351 VACT DIBQ (-1.433482879482687)
feature 6058 NTTL (-1.424971810382001)
feature 5827 JCRG PPRS (-1.0905103672825167)
feature 5794 JCMP XVBM (-1.0788326532737065)
feature 6120 PDMN PPRS (-1.0051680677843025)
feature 6340 VACT ADVS (-0.9867045922329883)
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feature 5428 DDAN PPRS (1.015836362405798)
feature 5483 DDBQ NCMN (0.9691543663412501)

feature 6329 RPRE VACT (-0.9622265060141713)
feature 5746 FIXV PPRS (-0.9610143015531677)
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UseANENMWURILLLANADILUTATDNANARDUNNIIUIUAININNG 200 AN
52 ANBNNURILUULIIRDILENATNAANDINNA LT HFIULILANADY
AINNNTAFIULLLANABINITAUUNINARILSANEINN 3 SANEINN MW Logistic

Regression, Naive Bayes Lag Random Forest Uuﬁmﬁ'@ylmﬁ’]mmmm%’]\iLL‘]_I‘]_I‘-i”mmﬁﬁ

D
)}

AMUIUAININNGT 200 AN UAZVINITNAFR UL sTANTAINLLLRNae  UUTATayan Ada LN

AMUIUATNINNTT 200 A1 Tae g A Weighted average 184 Accuracy, Precision, Recall

o 6 o

WAL F1 Score HUAITALUILANTNINVAIUULANADY WWHARNSAIRNITI 20 A1919 21 LAY

1319 22 aziulddnAnlsr@nsaanaeduuuanaasnangal A1 Accuracy 79.03%,

b

[ %

Precision 79.11%, Recall 79.03% Las F1 Score 78.89% FalfAaNHUY TF-IDF Naa

q

AMNAVANITINN, ATLAAIANINANA, ATYEA UASTIAT89AT FINAUEANETNN Logistic

Regression Tun13afquuuanaes
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FIN94 20 HAANER9UsEAVENMULLIANA097 8ANEsTN Logistic Regression Lugadasa

NARDLNNINUILAININNG 200 A1

. AU
ATUANHILL o Accuracy  Precision Recall F-1
ATUANHUY
emoji 789 56.61% 63.67% 56.61% 44.69%
ANLAAIAINNAILA 200 62.66% 62.69% 62.66% 61.41%
AL 1,030 72.29% 72.34%  72.29%  72.01%
INARIAT 1,606 62.57% 63.34% 62.57% 60.29%
TF-IDF(AAWYILAN §1115U baseline) 5,000 76.04% 76.09%  76.04%  75.87%
TF- IDF(ﬁ At luiad) 5,000 76.21% 76.24%  76.21%  76.06%
TF-IDF(A VﬂMN mummm 6,606 77.15% T717% 77.15% 77.02%
TF-IDF(AAWYTlvis), Amigin 5,000 77.66% 7771%  77.66%  77.52%
TF-IDF(AAWYTlus), Amen, 1linedan 6,606 78.52% 7857%  78.52%  78.39%
TF-IDF(A VﬂMN ),emoji 5,000 76.13% 76.16% 76.13% 75.97%
TF-IDF(A VﬂMN ),emoji, FRAYRIAT 6,606 77.32% 77.35% 77.32% 77.19%
TF- IDF(ﬁ wyilud),emoji, AngA 5,000 77.83% 77.88%  77.83%  77.70%
TF-IDF(A WA‘LVIN ),emoji, muﬂm TNAYRIAT 6,606 78.43% 78.48% 78.43% 78.30%
TF-IDF(A WA‘LVIN ﬂ’WLL@ﬁQWMN@QL@ 5,000 76.21% 76.25% 76.21% 76.05%
TF-IDF(ﬁﬂﬂ”Wﬁ"Lmi),ﬁﬂlmmmwéﬁm,‘nﬁmmﬂ"’] 6,606 76.56% 76.58%  76.56% = 76.41%
TF-IDF (A AWYTLIs), ANUaAIATNAILS, AIYER 5,000 78.35%  78.41%  78.35%  78.21%
TF-IDF(ANANY Lsl), A UAAIANNALS, A 1en, F0n
R 6,606 79.03% 79.11% 79.03% 78.89%
URIAN
TF-IDF(AAWYIUL), A ULAASAINNAILA, emoji 5,000 75.96%  76.00%  75.96% = 75.79%
TF-IDF(AAWYIUL), AMUAAIATNAILS, emoji, THATEIAN 6,606 76.81% 76.85%  76.81%  76.66%
TF-IDF(AAWYTLYN), AUARAIATHAILA, emoji, A1iEln 5,000 78.35% 78.41%  78.35%  78.21%
TF-IDF(A1AWYTLna), AMUaAIAINAAA emoji, AviElA
- . 6,606 78.94% 79.03% 78.94% 78.80%
alnu89A1
(SelectkBest) TF-IDF(ANANY M), AMLAAIAINHAILA
. - . 5,693 78.52% 78.63% 78.52% 78.35%
,emoji, AR, TALRIAN
(RFECV)TF-IDF(A AWV IUA), AMUaAdAINNAILS, emoji,
2,316 78.52% 78.62% 78.52% 78.36%

ANELA, THALBIAN
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F11999 21 HAANTIBILITTANBNINULILANADIT IF6anasny Naive Bayes Ungadayanaaai

ARANUILAININNGN 200 AN

o UIU
ATURNLU o Accuracy  Precision Recall F-1
ATUAN BN
emoji 789 56.78%  65.05%  56.78%  44.79%
ATLAASAITNAILA 200 58.40%  59.78%  58.40% = 52.70%
ANEL 1,030 66.75%  70.01%  66.75%  63.93%
1TALRIAT 1,606 55.84% 69.12%  55.84%  41.74%
TF-IDF(AAWYILAN 411150 baseline) 5,000 72.98% 72.98%  72.98% @ 72.76%
TF-IDF(R1AWY ) 5,000 73.32%  73.32%  73.32%  73.10%
TF-IDF(ANAWY luad), atianagAn 6,606 73.57% 73.72%  73.57%  73.26%
TF-IDF(AnAWYi Lnsl), Anigia 5,000 7451%  74.66%  74.51%  74.22%
TF-IDF(AAWYTlus), Amen, atin1edmn 6,606 74.08% 74.40%  74.08%  73.68%
TF-IDF(AAWYIUw) emoji 5,000 73.23% 73.24%  73.23%  73.01%
TF-IDF(AAWYlua), emoiji Hin1a3A1 6,606 73.49%  73.64%  73.49%  73.16%
TF-IDF (A Anvilusl), emoji, ANuigm 5,000 74.42%  TA57%  T4.42%  T4.14%
TF-IDF(AAnvilual), emoji, Aveln, TiA09A7 6,606 74.00%  74.32%  74.00%  73.59%
TF-IDF(AANYIUL), A UdASAINNAILA 5,000 73.32% 73.31%  73.32%  73.12%
TF-IDF(AAWYIUL), AMudadAuads, 1Hnaaean 6,606 73.74% 73.93%  73.74%  73.41%
TF-IDF(AANYTLIN), ATLARIAYINAIA, ATUER 5,000 7417% 74.33%  74.17%  73.86%
TF-IDF (A AWYTLIs), AMUanIAINAda, AER T HALR4
. 6,606 74.25%  74.60%  74.25%  73.84%
AN
TF-IDF(ANAWY 1), ALEASAINAILE, emoji 5,000 73.15% 73.14%  73.15%  72.94%
TF-IDF(ANAWY 1), ALaAIAINALE, emoji, TRATBIAN 6,606 73.83% 74.01%  73.83%  73.50%
TF-IDF(AAWYTlIN), AUanaAITNAdLa, emoji, Avign 5,000 74.25%  74.41%  74.25%  73.96%
TF-IDF(AAWYTLYN), AUARAIA AL, emoji, AN1iElR
_ . 6,606 74.34%  74.66%  74.34%  73.95%
LMUAURIAN
(SelectkBest) TF-IDF(A1ANWY 1), AU A9AINAILA
. _ . 4,494 74.34%  74.64%  74.34%  73.96%
,emoji,muqm,mummm
(RFECV)TF-IDF(A1ANYLUM), AMLAAIAINNAILA,emoji,
5,946 74.25%  74.54%  74.25% = 73.88%

ANNELA, THAYBIA
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FIN99 22 HAANEIBILITTANBNINULILANAD9N [F8anasNn Random Forest Uugadasya

NARDLNHINUILAININNG 200 A1

o UIU
ATURNLU o Accuracy  Precision Recall F-1
ATUAN TN
emaji 789 56.69%  65.28%  56.69%  44.51%
ATLAANAITNAILN 200 60.78%  63.30%  60.78% = 55.95%
ANMEL 1,030 68.03%  71.07%  68.03%  65.63%
ThAU89AN 1,606 60.19%  63.25%  60.19%  54.51%
TF—IDF(ﬁW@TWﬁLﬁN @191 baseline) 5,000 67.77% 70.27%  67.77%  65.57%
TF-IDF(R1AWY ) 5,000 66.67%  69.26%  66.67%  64.16%
TF-IDF(ANAWY lvad) atinnasAn 6,606 66.92% 69.71%  66.92%  64.38%
TF-IDF(AAnv i), Avigm 5,000 68.71%  71.30%  68.71%  66.65%
TF-IDF(AAnyTlus), Angn, 15A289A7 6,606 68.88%  71.88%  68.88%  66.68%
TF- IDF(ﬁ wiiluald),emoii 5,000 66.84% 69.93%  66.84%  64.12%
TF-IDF(AAWY ) emoiji tia1a9A1 6,606 67.09% 70.01%  67.09%  64.53%
TF-IDF (A Anvilusl), emoji, AMuieim 5,000 68.46%  71.15%  68.46%  66.30%
TF-IDF(AAWYTlns) ,emoji, ANvie, THAL2IAN 6,606 68.03% 7122%  68.03%  65.56%
TF-IDF(ANAWY lna), A Ua A INAdLE 5,000 67.60% 70.32%  67.60%  65.25%
TF-IDF(AAWYIUL), AMudadAuade, 3 Hnaaean 6,606 67.26% 69.95%  67.26%  64.85%
TF-IDF(AANYTLI), ATLARIAYINAIS, ATKER 5,000 68.71% 71.30%  68.71%  66.65%
TF-IDF(AAWYTLNN), AMUARAIATHAIA, ATELR, THATBY
. 6,606 68.03%  71.14%  68.03%  65.59%
A1
TF-IDF(AANYIUL), A UAASAITNAILA, emoji 5,000 66.58%  69.25%  66.58% = 64.01%
TF-IDF(ANAWY 1), ALaAIAINALLE, emoji, TRATRIAN 6,606 65.98% 69.06%  65.98%  63.04%
TF-IDF(AAWYTlIN), AUanaAITNAdLa, emoji, Avgn 5,000 68.97%  71.88%  68.97%  66.82%
TF-IDF(A1ANYTLna), AMUanIAINAAA emoji, Avign
- . 6,606 68.20%  71.61%  68.20%  65.67%
LTUAURIAN
(SelectkBest) TF-IDF(A1AWY 1), AMLE A9ANAILA
. _ . 3,245 69.48%  72.31%  69.48%  67.46%
,emoji,muqm,‘*ﬁum“ﬂmm
(RFECV)TF-IDF(AANY L1idl), AU ARIANNAILA
336 7153%  72.85%  71.53%  70.45%

,emoji, AnglA, TUAURIA
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s a;al 1 o o a oy & v o
ATUANBUSNINHNAABNITITLUNLEN ﬂﬁNﬂ@ﬂﬂiﬂNm‘ﬂﬂ‘i’N LbULUINNBY

ADIANHUTANNAFBNIFANUUNN AL

o o o dl P2 a a dlddl
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TaNANTANUIUAININNLGT 200 AN 10

U

1 o

AAYAANETNN TILAAIA

L%

Adsznay 47 Awdseneu 48 wazninwisznay 49

Feature ranking: Male

1. feature 1883 'u¥' (6.197383)

2, feature 2066 'uar' (2.685349)

3. feature 715 'uaa [PPRS]' (2.074981)
4. feature 3339 "Wu' (1.724025)

5. feature 4048 1Ry’ (1.639583)

6. feature 1903 nuay' (1.491742)
7. feature 1591 'd' (1.471306)

8. feature 2781 'fu’ (1.421896)

9. feature 1675 'y’ (1.421340)
10. feature 3065 ‘auin’ (1.396388)

LWATIE

ATUANANHUE

41

ATAITH

P

Aoudnuuz (wudil)

= !

nilsenan 47 AriAnEUENANAS

BNTAMBNINALLT AT

Feature ranking: Female

1. feature 4263 "wuu' (-2.739867)
2. feature 2846 ‘azns' (-2.683636)
3. feature 4330 "wy' (-2.277064)

4. feature 743 'vaa’ (-2.258403)
5. feature 3547 'az' (-2.045907)

6. feature 1932 'uw' (-1.802811)
7. feature 3124 'snil' (-1.762966)
8. feature 366 'rafa’ (-1.754080)

9. feature 1151 '3 (-1.681545)

10. feature 4001 "Fav ' (-1.620082)

LA

AATYAAN YL

Armau

AruAnwz (AvETil)

YANRANUIUAININNIT 200 AN

a

10 BUALLTNANNLLILANA897 Lidanasnu Logistic Regression

Feature ranking: Male

1. feature 97 " (-4.75200800115897)

2. feature 5 uay (-4.821283788553848)

3. feature 1732 tu (-5.219119380367311)

4. feature 609 6 (-5.223802930517411)

5. feature 1064 4 (-5.592792158907591)

6. feature 4750 2 (-5.6826100391826735)

7. feature 4677 fi (-5.693748526213171)

8, feature 4558 # (-5.743279319575251)

9. feature 4354 [PPRS] (-5.776935186682992)
10. feature 4808 [number] (-5.787631213716965)

UWAYIE

ATYAMAN B

A

AR

Feature ranking: Female

1. feature 5 ' (-4.904767047886485)

2. feature 97 "4 (-4.9699558118446925)

3. feature 1732 1fu (-5.239683256143743)

4. feature 609 usi (-5.298547804247393)

5. feature 1064 uaz (-5.716444778151546)

6. feature 4354 3z (-5.770181250293118)

7. feature 4212 fi (-5.779194682946653)

8. feature 3841 1 (-5.792876562634125)

9. feature 4677 [number] (-5.793484525002416)
10. feature 4750 [PPRS] (-5.799569395941477)

WAL

ATATHAIATYAAT B

W @ e e ey ga o
ANANEME (1AT6YTH)

= !

nntlaznay 48 AAANLUENRNAS

AN1INLUNNALIUT AL

ATUANYE (LATET)

YANRANUIUAININAIT 200 AN

a

o o ° t:ll Y o a KR ..
10 AuALUINANNULLAaas I daanasna Naive Bayes
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1. feature 2721 '$n' (0.024806)

2. feature 1883 "ut' (0.024408)

3. feature 4325 'urtundy’' (0.017369)
4. feature 2846 'avns’ (0.015873)

5. feature 2017 "iav' (0.014633)

6. feature 3270 'w3a' (0.012940)

7. feature 4001 '#av #I' (0.012410)
8. feature 1591 'd1' (0.011350)

9, feature 2905 '10' (0.010866)

10. feature 763 'v ' (0.010070)

AAAN B

Anudn

n a

Aoudney (1Avdvil)

= !

NINL9TNaL 49 ANIANHOIENNHAR

ANNTRNULUNINALIUT AR AT

a o o

FINUIWAININATT 200 AN

10 FUFALILINRINULLANA297N 198 aNa 3714 Random Forest

€

n

o

ATUAN

UUIATD3A

u

HUSNANAAANITIUUNUENATINUTLNNAIAN HUE

dlal 1 o & d‘ Yo a a allddl
Em::‘vmNﬂﬁ]’ﬂﬂ’]ﬁ‘@’]LLuﬂL‘Wﬁ@’mLLUU’Q’]Z\]@QWiMﬂ’]ﬂﬁ‘Z@Vlﬁﬂ’]WWﬂ‘VlZﬁ@

ANUIUAININNGT 200 AN 10 SUALILIN UWENANUIZNNATUAN UL TAUAAS

AININLTENaL 50 NWlseneau 51 waznwisznau 52

Feature ranking: Male

feature 1583 ¢ (1.2858804006606364)
feature 2427 iin (0.4392538540561211)
feature 2004 uray (0.4101146569160721)
feature 2116 10 (0.3699774419344971)
feature 599 A (0.3163303454227609)

feature 4277 uuuau (0.286220455456468)
feature 2007 winanilu (0.2520628175236557)
feature 4273 uwuzii (0.20150614640755432)
feature 3048 suyd (0.18432500475212252)
feature 2432 fiula (0.17125416675528898)

IWAYE

AUANIAN LY

ANANAN

AANBUY (1RYATH)

= !

nwtlaznay 50 ALAANHUENRNAS

AMNAUANEULAUAAY

AN1INLUNNALIUT AL

Feature ranking: Female

feature 1178 wau (-1.2261681004707472)
feature 937 Anin (-1.0981942517977594)
feature 4274 wuzinlv (-1.0733657091936413)
feature 2709 sy (-0.7535869607735649)
feature 1134 3 fludias (-0.4611922406762405)
feature 3414 atn0lsfiau (-0.3560850756794338)
feature 986 Aauthe (-0.3233960427486612)
feature 3302 wanunfs (-0.31371625648326246)
feature 794 avay (-0.30750108617276767)
feature 2428 1inay (-0.3058300239063439)

WA

o

AArynnAnYo;

AR

AUANYUE (1AVEYH)

YANRANUIUAININAIT 200 AN

a

ANNAILA 10 BLALILIN



Feature ranking: Male

feature 1876 uv (6.153737043678034)
feature 3265 w¥a (1.3710511817748645)
feature 1583 a1 (1.2858804006606364)
feature 4749 1 (1.1780698575606374)
feature 4539 13 (1.1653568797218747)
feature 1144 30 (1.1587129807336276)
feature 4168 un (1.1118420949041532)
feature 3740 18w (1.0472742036662692)
feature 2304 wan (1.0376934934433786)
feature 4145 a1 (1.0147393282728916)

IWAYE

v

AAryRmuAnY

ATAITH

AUANBOE (1AvATH)

= !

nUszney 51 ANANHOIENNHAR

ANA

ANAINH

AN1TRLUNNALIUT AT
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Feature ranking: Female

feature 1926 uw (-1.5521519062712077)
feature 2473 wn (-1.301543207218435)
feature 4210 uei (-1.2954669075533285)
feature 1160 31 (-1.2041665014785263)
feature 937 A3 (-1.0981942517977594)
feature 1046 3391 (-1.074866165377708)
feature 1660 v (-1.043840047067063)
feature 4352 uav (-1.0130088217422828)
feature 4735 "lé¥u (-0.9853974225774298)
feature 1825 nnau (-0.9515436845714327)

WA

NEuz

Ay

a1

e = =n

AUANBUE (1avAYi)

YANNANUIUAININAIT 200 AN

U

AMNAUANEUTAMEA 10 FUALILIN

Feature ranking: Male

feature 6201 PPRS VSTA (1.1908559330576685)
feature 5841 JSBR (1.0151006824669178)
feature 6457 XVAE (1.002798052791274)
feature 6318 RPRE PPRS (0.9601541947097497)
feature 6202 PPRS XVAE (0.8167732974932597)
feature 6288 RPRE (0.7076854964984739)
feature 6372 VATT (0.6794012065399944)
feature 5669 EITT (0.6347843836604373)
feature 6567 XVBM VSTA (0.5891163275384611)
feature 5433 DDAN PPRS (0.5872209922366584)

LWAYE
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E
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&
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b

o

2

{ 2

G
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®

I A B e oA
AUANEUY (18YATL)
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nilsznen 52 ArudnEE NN

AFBNITAINUNLNALUTATDY A

Feature ranking: Female

feature 5041 ADVN (-0.9473045930292648)
feature 5921 NCMN VSTA (-0.8776312163758321)
feature 6329 VACT (-0.8306533798841506)
feature 6188 PPRS NCMN (-0.8282578878386001)
feature 6051 NTTL (-0.7583722088795853)
feature 6199 PPRS VACT (-0.7279954092277271)
feature 5884 NCMN ADVN (-0.609105615582586)
feature 6361 VACT PPRS (-0.5969200343151643)
feature 6175 PPRS DDAN (-0.5832639930836138)
feature 6345 VACT DIBQ (-0.5628063860755339)

IWAEYN

Anvouy

NAAN

ANAUA

PR 2 . o

ALANELY (1AY6YL)

v

ARAUIUAININNLT 200 AN

AMNAUANHUTTUATBIA 10 FUALLIN
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