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Abstract

Currently, the coronavirus epidemic (COVID-19) is spread throughout the country around the world,
affecting health and yet one of the serious consequences is the expatriation of Xenophobia. On social
media, including Twitter, there have been reports of verbal attacks, which can lead to more serious mental
and health problems, including violence. This research presents a topic modeling using the Latent Dirichlet
Allocation (LDA) and two classification algorithms, which are Random Forest and Support Vector Machine
for Xenophobia on Twitter during COVID-19 with three methods of Word Embedding - TF-IDF, Word2vec
and GloVe. The dataset contains Xenophobia on Twitter During COVID-19 around 1,000,000 tweets in English
language from Kaggle. This research aimed to build the topic model for Xenophobia on Twitter during
COVID-19 and study suitable classification algorithms for Xenophobic or Non-Xenophobic and also provides
a way for Twitter to filter out tweets that are potentially violent. The results of topic modeling was showed
3 unique important topics that given the lowest Perplexity of 114186.86 which are (1) Arrestment
(2) Disgusting (3) Damnation. As the results of classification algorithms were showed that Random Forest
when using TF-IDF given F1-Score, Recall and ROC were not different but Precision was the highest value
of 0.35. Therefore, Random Forest when using TF-IDF was the most suitable algorithm for Xenophobic or
Non-Xenophobic classify during COVID-19. In addition, Support Vector Machine when using Word2vec given
the highest F1-Score and Precision value of 0.43 and 0.28, respectively. Therefore, Support Vector Machine
when using Word2vec was the most suitable algorithm for Xenophobic or Non-Xenophobic classify during

COVID-19.
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Tegluguvessindnii (Root Form) #38 A156A ing,
ed, s, es, er 890 WU winning Lﬁ@ﬁhumiﬁﬂ Stemming
2zlaA191 win
3.2 nsEuaUMsHUatIUsuNu

nsrvrunswUandsusunandunszuiunis
unuA1 (Words) Aa8tantaas (Vector) #3e Word
Embedding lneudsanldvhmaindsudeyainduneu
fir1unuds azidunisiiendiiignda wie Al
winnzanszdnddnuy Wudadddeglugudiiay
(Numerical) lnglginatinn1sAauenaInInaIIud1Ay
(TF-IDF) @1915Un15a@35 196 3wuuia9e wasly TF-IDF,
Word2vec waz GloVe Tun1silseuiiisudssd@nsnimn

Y8IN5LUALTIUSUUE NS UNTAS 19 ILUUIAUSELAN
3.3 N15A319AILUUIITD

MMTaNALUUTITe %39 N1sdnaTIRsLAaLe
(Latent Dirichlet Allocation - LDA) lunszuaunsd 14
nnrdennuniafidulssinnindoandiaudiawd
(Xenophobic) Lileywide @ 3o UssiiudAgyi
ywoddlunguiTindeandanusinemnd lnegiseld Library
910 sklearn.decomposition.LatentDirichletAllocation
Tunsasresauwuy wazld Library 970 sklearn.model
selection.GridSearchCV 4t oUs U151 1003 7 ddsy
Lazmnzani andmIuiLuunaasIAsinaus
Tuiidlesmunnsifmesiigesns fie n_components
(F1UIWVBIIVR) WiNAU 3, 4, 5, 6, 7, 10, 15, 20 way

learning_decay (8n31n15158u3) Wi1du 0.5, 0.7, 0.9

'
=]

[24] welvildrnauduau (Perplexity) Nngagauans

DIUTLEANS A NVRIAUUTIA

& o & o w Ya v M va = o
n1snsdeussinuddny §33ulana1sundem

MlasasureusazUsziiu Mntuihnsdunguilsznu

o w

dnglaaennansiuiFaslatig
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3.4 A158319AUUINUSLAN

3.4.1 n1suUsdeayannasu (Split Testing)
TuAdedlduvadoyanenidu 2 4n Tnedeyagausn
Ao Teyal3eus (Training Data) Fadusnandoyaiivi
nsn3eudeya (Preprocess) ud 75% o luldly
nsadisdLuy wazdeyayaiiaes Ae Teyannaaoy
(Test Data) Bn 25% LitevlUldneaeuUszansnmues
Auu wagldis 10-Fold Cross Validation Aeuuadaya
ooy 10 @i 1 fu ndsniduldteyadunis
Judmeaeuuszdnsamaedinuy

3.4.2 i daymdeyaliauna (Resampling
Imbalanced Data) 11 84910 U581AN Y898 0AIINT
Ysveninduniniiindenndanusisun@ (Xenophobic)
fis1uu 745,892 vin wazdszianvestermnuiivsuen

o

dunindiliindeandiausisud (Non-Xenophobic)

#9171 4,108 in {ITeTvinsduteyaiiiunazan
(Resampling) ladoa1nu tduniai indunndanu
F19Y1ATIUIY 20,540 N30 wazUemUN D unInd by

\WNAYANGIAUANYIATILIL 24,648 IR G195UN 2

False 24648
True 20540
Name: Xenophobic, dtype: inté4

Count (Xenophobic) after

25000

20000

15000

10000

5000

0

False

JUN 2 msuitgndeyalyiauna

3.4.3 N15LNUAT (Words) shetniaes (Vector)
%39 Word Embedding 19 inalan1sAnLena1nIy
A21NEA g (TF-IDF), Word2vec Tus1ud 4’y T4
LLUUf\i”laaﬁna%’wqﬁumﬂsﬁagaﬂwﬁluﬂé’ﬁaga Google
News Corpus 7 £ $1u21 3 d1uf 300 @1 oya
(Dimensions) waz Glove Tunuidefilduuusiasids

v

asnduandeyanielundetoya Wikipedia 2014

a v

+ Gigaword 5 M 131U2U 6 Wud U1 300 dAvoya

(Dimensions) tielwegluguwuudaviaiisauily
dhiuuudaussianla

3.0.4 ANFASNAILUUIAUTELAN TuauI Y

v v
o

aseiyadunsiiduu 2 sduuuinidlunismaaey

'
a a =

Wiovnduuuiiussavsandian Imﬁmwﬁgmﬁaﬂ
wldagillassadrsituguunnsnsiuooniy A fuuy
IAssas1aiulyl (Tree based Model) wagsfianuugu
n15L38ug (Learning based Model) i auuulunis
A58 Ao danaiiuusunouneoLlsas (Random
Forest) Lagdana3fiugwnasainmesuusdu (Support
Vector Machine) #3d1au

3.4.5 N19UTBUNBUUTEANTAINVDIAILUY
a1 F1-Score Wi ududuusnlunisioana 9aag
Filadiern Accuracy sosacun fejunadnsileaslalle
darnd1uus ugmasana1ns U Positive Class
(Xenophobic) way Negative Class (Non-Xenophobic)
LA ALAIUITATIVIINDIUAIY Positive Class

(Xenophobic) lfunnuazusiugnian wazA ROC Curve

= I @

Fadawuulavidadana1agefiqa azsdudauuy

Indszianiininan

4. Nan1SANE

°

4.1 wadwsupsiwIuinge vie UsziiudAny

21NN15UTUNI515LMB3 A28 sklearn.model
selection.GridSearchCV lanadwsilu learning_decay
(8m3N19858U3) WU 0.5, n_components (F1u7u
Y998299) AU 3 WaTe wagldarmiuduau

(Perplexity) finfign Winfu 114186.86 a3l 3

Best Model's Params: {'learning_decay': 0.5,
114186.86200357963

'n_components': 3}

Model Perplexity:

JUN 3 Wswesvedsiuuy LDA AiliAauduau

(Perplexity) ﬁﬂﬁ?jﬂ

NAANSUDIAIANAEY 15 SUAULTN VoILsaz
PAUBINNATAS 1A ILUUNITIAATIAS LAALES (LDA)

LARIAIANTIIN 2
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°o v [ '

A15197 2 AEIARY 15 BUAULSNUBILAALTNTD

o

Topic

Word ! g °
1 fear case widespread
2 spread virus resident send
3 center disease death
4 temporarily confirm treatment
5 territory total country
6 legal treat containment
7 rebel know seek
8 occupy country stop
9 past year recovery epidemic
10 automatically fake possible
11 prosecute rally work
12 arrest region uninsured
13 control whistleblower infection
14 subside claim hospital
15 leader hate stay

10015999 2 Agns1uieTiuiuiite wie
Useifuddgfioanzan Aldaanuduau (Perplexity)
ifian wiriu 3 ade Tnefinsulanauazfinunadns

Watafl 1 : Arrestment (mi(ﬁiaﬁm@'ﬂwﬁam
delaelaunu viemueugihelalliogsuiuludsnm)
f9819M37 : He should be arrested, this is the lowest
of the fucking low. The dregs of humanity.

Wated 2 : Disgusting (mﬁ%’uﬁméﬂ’wﬁamsﬁa
Fagninsheglndusnafuguiier)

19819970 : Shame on you! Your country is infected
and you sit on the sidelines, wet your pants (literally)
and whine.

Wad'adl 3 : Damnation (N15U5z Y %30
arur s Uaed dond oliided e i olulilaa
WNINTEANY)

19819130 : Had you been smart enough to do the

job we wouldn't have covid19 running wild. Every

single death is on your head. You were too stupid to

listen to China when they were telling you this is

dangerous.

4.2 HAAWSNISIALUILENNIN

v

Tunsuadgmdeyaliauna (Resampling

o

(2

Imbalanced Data) & 33 gldnaaaun1s1a1uves
danesfiuduteyavuiniin (Small Data) lnaviinisgs
andaya (Undersampling) Iedannuninfindennds
AudsIRLazldindeandiaunien@Adiuiulssinnay
4,108 Wi Fal¥Arauusiug1 F1-Score Yopnitnisdy

'
v a va

Jayaliuiazan (Resampling) Usyanad 15-20% {33y

Y

o

Fudenyinisnegsunutemnuiiduninfindsandiauy
F1991RIIUIN 20,540 130 wazdennuiiduning b

WNAYANGIAURVNRIIUIUY 24,648 NIN

AN5199 3 ANAINULLUENVBIAILUUTAUTELANEINS U

nsulaudeusunu (Word Embedding) 3 3 35

Classifiers
Word Evaluation Support
Embedding Metrics Random Vector
Forest
Machine
Accuracy 0.99 0.98
Precision 0.35 0.23
TF-IDF Recall 0.65 0.99
F1-Score 0.45 0.37
ROC 0.99 0.99
Accuracy 0.99 0.99
Precision 0.29 0.28
Word2vec Recall 0.68 0.93
F1-Score 0.41 0.43
ROC 0.99 0.99
Accuracy 0.99 0.95
Precision 0.28 0.09
GloVe Recall 0.65 0.95
F1-Score 0.39 0.17
ROC 0.98 0.97
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No Skill: ROC AUC=8.58@ No Skill: ROC AUC=0.5¢@
Logistic: ROC AUC=@.994 Logistic: ROC AUC=0.991
10 - 10 -
[ - -
08 ’/” o8 ’/"
l”’ l"l
= - @ -~
& 06 e & os o
e 2 -~
£ 2
g o -~ 304 -~
E - = -7
A" /”
-7 ,I
0z /’/ 02 /,’
/" o"
~ == No skl -~ == No Skill
a| F — R a0 - —— M
oo 02 04 08 08 10 ao 02 04 a8 aB 10
Faise Posilive Rate False Posilive Rate
= Y o A 9w a a Y ax
JUN 4 n3wl ROC Curve ¥4 2 §anesity Waldnmsuuandausuaemieds TF-IDF
No Skill: ROC AUC=0.500 No Skill: ROC AUC=0.500
LOQiStiC: ROC AUC=0.985 Logistic: ROC AUC=0.992
10 =
10 P— . r' S
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00d ¥ R /" == No Skl
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00 02 04 06 08 10 = o T - - -
False Positive Rate False Positive Rate
- 9 o= A 9 a A Y ad
U7 5 n3wl ROC Curve ¥4 2 §anesitu Weldnsuuaada3unueigds Word2Vec
No Skill: ROC AUC=8.50@ No Skill: ROC AUC=0.50@
Logistic: ROC AUC=0.984 Logistic: ROC AUC=0.974
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ARSI 3 A15TALUILEANT AR 28
2 9ane37iu WU danes7NusunauneLsaEs (Random
Forest) dleldnsuvandeu3unn 3 33 fe TF-IDF i
AN UEY F1-Score tM1A'U 0.45 Precision tY11AU
0.35 Recall WU 0.65, Word2vec Ta1an16a ue
F1-Score L 1AU 0.41 Precision t¥11A1U 0.29 Recall
WNAU 0.68 wag GloVe TWAAIULL ugn F1-Score
WA 0.39 Precision tM1AU 0.28 Recall 1Ay 0.65
Feaziiiulednan Precision 0933 TF-IDF iﬁﬁwmn'ﬁ'qm
509891 JWAT Word2Vec uay Glove lianlaiunngng
Au Tudiuveami Recall, F1-Score way ROC Yo
3 B luaNA9Y daudanesiugnnesalinmasu
49 (Support Vector Machine) 18 eldn1suvaais
USurw 3 35 Ae TF-IDF ldAnal1uud ugn F1-Score
WinAU 0.37 Precision 111U 0.23 Recall i1y 0.99,
Word2vec TAA1A MWL U F1-Score LM1n U 0.43
Precision L¥11AU 0.28 Recall 1v11U 0.93 wag GloVe
TviAmaaiugn F1-Score Winiu 0.17 Precision winiu
0.09 Recall Wiy 0.95 Fsazudiulginen Precision 84
3% Word2Vec Tienanniign sesasniiuis TF-DF uae
GloVe aua1nu ludiuvesan Recall 40935 TF-IDF
TWeAwnfiga sosasunduis Word2vec uag Glove
Tirnldunnsneiy wagAn F1-Score 98935 Word2Vec
T und aa s09aau1duds TF-DF uaz Glove

PNUAPU LagA1 ROC Y8919 3 35 Tranlaluananaiy

5. a3UuazafiusnenansAne

INNANITANYINITAT A ILUVUAITD Lo
AsMITIuINUsEIR g AaInA1TUSUNIS 1T nes
agUldhdnnussfuddgiimngaudmiunsinaen
NAIAUANTIRUUNIALI DT LUFIINITUNTTZUINUDLTA
Aadalatalalsun 2019 wirfu 3 wade AilweA1A
duau (Perplexity) Anfign Wiy 114186.86 ldun (1)
Arrestment (MastadiugUiefifndolaglidunu vie
Arua Ny Uaelulvey sruduludeau) (2) Disgusting

(MsfufeagUlenandedgninmeglnauiiniugm

a

8¢ (3) Damnation (N13UsEaNY NIaURYIEUreN
fadelidsdin welulrhSaunsnszane) Felaunan

o o ' £

MILUaNauazAANUNAANTIINAIEIAE VD ILARE AT
Fisenuanuieadesesusiazinge Ao Uszloafinads
agnTalvlug aunduaney @J‘mﬁ'u wazdniglaan
weruA1e Gnnsinuiniafidulssannisinden
ndrpusRduulesn o1adunszdinudagiu
Suldenuddydudesd wasfinissusedlingn
nduLN&s qammmmqmm (Stop Bullying) Tunane ¢
Uszine 9nuidedu o M eadesilainagldas
N139AaIIASLAAWNS (Latent Dirichlet Allocation
- LDA) Wunsasissuuuiaideuiu Seldmussisu
d1f A Bt uANI ANt 1a5ENI19N1UNT SEUIA
vaslsaind olasalalsun wateiildde (1) Origin of
COVID-19, (2) Source of the Novel Coronavirus,
(3) Impact of COVID-19 on People and Countries,
(4) Methods for Decreasing the Spread of COVID-19
Feuraziadofasiimindrefumlunuided W
Death wag Fear [25] lngdauuineuisedu q 4z
TIATILYAINS ANIINTDANUUUNTALABS TENT S
nsundszuinveslsafnidelifalalsun Saaiieaiy

HUqe, MsAneiiiudy, Tadu [26], n1sdesiu uay

£
o =

HANTENUNIAATYENA [27] wiaddeiiinisianginis

v
= a

nquALT INABAndIAUA1A Faduiaden leddl
ATULANANS ﬁﬁ’]ﬁwvmlﬂm%qmgﬂwmu
nuan1sAnwdnuudadszian asulaan
SanasiuusunauneLsas (Random Forest) o 14
A1suUaugsUsuun1838 TF-IDF TiAtauuy uen
F1-Score, Recall uag ROC laluansinady dlowSeuiiou
U35 Word2vec uay Glove #siid oM ansaunaae
A1 Precision 38 TF-IDF lfAnAnnuusiugigeigaminiu
0.35 sty Sane3fiunsuneuvlolsas (Random Forest)
T o149 TRDF L udanesMui ivunzaud aadu
A3InUsEIAndeannunisindsanalnarliindennan
AusarAvLunInmesluraanisunssyunveslsafnite
hdalalsun 2019 drusanesiiugnwesalnmaswusdy

(Support Vector Machine) 1 eldn15utasideusunc
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#2875 Word2vec T9A1a1 108wl we F1-Score Wag
Precision qqﬁ'qmvhﬁvu 0.43 uaz 0.28 muasy Lle
WIgueuiuis TF-IDF wag GloVe wildn Recall ¥4
33 Word2vec 9¢§iA16n3135 TF-IDF daudn ROC fl
Tiupnsinady weiliilefionsandaenn F1-Score iy
ALad sg15luiinuas Precision war Recall wda 33
Word2vec FafiuszAninmanniian ey Sane3diy
Fnwesannnesuuadu (Support Vector Machine) e
14 Word2vec 1 usanesfiud munzaniigadunis
TaUszinandendiunisindeanainazliindeanan
AusarAvunInmesluranisunssyunveslsafnite
Th¥alalswn 2019 91nn1s5Anwl {3Tuldnaaauns
nuvesdanesiiuiuteyavuindn Widiauuwiug
F1-Score WasninuUseanns 15-20% wazIdeliaiunsn
naaouiudeyavuialugld 1eanuszansamly
AsUSENIANAURIADNNIADS (Hardware) luiiaane
Feiifoamimnndeyaiivualvgiu uazneuiunes
(Hardware) fusg@nsninlunisussaianauiniiiaane
srannsalvmAuuLiug LR TulE
nan1sAanwtesueAduluInelininmes
51998 UUNITAANTDITDAIIUNTIANITLNA UANA

AUA1YIALAERIINTITE nTeUseaudAyinadely

I oval = o i '

NAUNMNAEANSIAUANYIAT 101N IAAAINLTULSS

U

o a

wardaduwumalunsuiuimueigivindoruluds

INAYANGIAUANNYIAVDILARTUSENA LaLaaNUINTNNS

wily wiadestumnusuusaiaziintuld

6. VoLaUDLUY

1. Lﬁ ULUINISIUNITAANTDIT BAITNUY

J [

NIALRNOTV LAINTINUAIAIA VDI AT HITD U370

o

UszudAnIsindeanaiaus19n@aing 3 Ussiiu Ae

o

(1) Arrestment (2) Disgusting (3) Damnation ta2 €4

ansaidu Sensor Windruigidondlufiansan

v o

wnnudemnunInfiineideatulsuiiuddgysanan

o

2. NUITBUANYILANITVDANUNITNAEANE

LaL N ANSIAUAIYIRUUNIALADS WU F1USU

uidelusunanainsalddoyavud edenuoeulatl
Edflu 9 v W Facebook, Instagram, Youtube “18% U1
Re1sansausae Weswndnvasdenuvsiunazie
Fpueoulauianuuwananeiu

3. eAdelusaneafinsihdoyadu q Tu
Twitter 111959088 19U Location @anunsaunls
Uselomflugudu «q 6en

4. ninfdAeuwatnes (Hardware) ¥ §
Uszansnnlunisussananauiniiisans fe1asaie
Waauul ud1vesdawuuls wasdsaiuisafne

a

dana3viu Deep Learning Lazisn1sulasidausunc

(Word Embedding) du & iisLAnnnaazilusz@nsnn

waglngauiudeyaunnni
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