msafinfmdAyidunseuauasmveannuamednauinelagldduunsuuuuisnys

o

Wwwalegnay gasualte

v
[ a Y]

31/1EJwﬁwuﬁ‘ﬁLUudauwﬁwaamsﬁﬂmmwé’ﬂqmﬂ%@@nmﬂﬁiumammmumsﬁm
ANUNIYIIFINTINABNNUADT NIATTIIAINTTUADUNILNDS
AREIAINTIUAIANT PHIAINTAIUVTINE Y
Unisfinen 2561

AUaAVEvIPAINTAIININeAY



Extraction of Trend Keywords and Stop Words from Thai Facebook Pages using

Character n-Grams

Mr. Nattapong Ousirimaneechai

A Thesis Submitted in Partial Fulfillment of the Requirements
for the Degree of Master of Engineering in Computer Engineering
Department of Computer Engineering
Faculty of Engineering
Chulalongkorn University
Academic Year 2018

Copyright of Chulalongkorn University



a

e Ineinus msafinmdAgidunszuauazineannamedn

e nelag g uwnsULUUAITNYS

[ Wgalugney gasualte
#1919 FPINTIUABUTIADS
919138MUS N INeNInusuan HYI8AERI19158 A3.4N3 Ausinly

ANZIMNTIUAENS PIaINIaluINends sulRiiiuinendnusatuiiludiunil

YRIMIANYIAUNTNENTUTYYIAINTTUAERTU U

AMUAAMLIFINTSUAANS

(504ANa9519138) A4 WYITFUANR)

ALENTIUNTADUANGIANUS
Use51UNTTUAT

217159NUS NN NUSUAN

e
-
a3
3
2
2}
h3]
all
2
)
2
ol
CRo
hO)
3if]

)]
%)
anl
ND
=

»CN
o))
—

2
SN—r

A33UNTT

NITUNITNILUDNUNNINEIAY

({98an 1338 ATLAuAIe Useaugissa)



(%

aidunssuauazdmgnanmamlydn

o

alugney 9a5ualYY : nsadnd
M lnelagldiduunsunuuisnes. (
Extraction of Trend Keywords and Stop Words from Thai Facebook Pages

using Character n-Grams) 8.1USnwvaN : WA, A5.anT dugisyley

dedsnnoaulataruisaldinsvvinginssuvesgauludenuld Insdodany
soulaufiaulvedenunnigafewadn dauiusiaunsadnsisinginssuvesraulum
& v v a | ' o v o=t =t a ¢
ginlanazarusardnlanginssuvesrulnedrulngludiaula Fwmisdunisimsea

WoANIIUYRIAUIY 1518w unsekaminduludeny gauludenulviaiy

'
a

aulalunszuadusgnsls gasuduvesnszuanololns Wudu Jan1steszinszuaiiu

'
6 o 2 =

A11150VN LA UNITIATIEAANEIA NN DIAUNTERARINETD WHISNISNLTIUNTANAAN

o

o w

drdglulagduiuddesldinasadniniuilneg ansedlelulagdugninasudie

v v vy v a 4 o ¢ o vy = o g v
adstayanwnldlaniueteyaussleainuludedinusoulategranadnly nadewily

[

winsdladndfilgnudionumnliiduninigiu dwmanedszaninimussnisaindfgy

anvadsanamdAyludagiusesiunisaiamdAninnueiniivingy yinlngidnus
v A Yo aa o o o w d & Qv A v o = Y a 13

atuillgiaunisnisaiaadrgiidunszualaslildiniosdina whidenlddanasiuduun

o v

SUBUUAIDNWTLUINI Farilraruisaananidifundauewuuliaanle wazdaly

o

anwarveInszualunIsasegudeyadmen waznseuanzafilunszuasenun tneidle

(%
[ 1

WSsusunaiuiSaaRNeg1935 TF-IDF wazds TF wulndsnanedwusidvnaus 1o

a 1

ALY F1 7 0.402 39ind135 TF-IDF AildAvuuy F1 91 0.165 uagds TF Aleazuuy F1 7

£%
o w

0.183 TaeAsNIne1tnusiuinausmuiziduag 198981 uunfaIn1sAd 1A NiiaN

o

g1ilineil sgnaunsmnssudludedinueauladmydn

AT IAINTSUABUNILMDS ANGLBVDUEN oo,

Unsfinen 2561 AN939%8 8. NUSAWIARN coveeeeeeeee,



# # 6070188521 : MAJOR COMPUTER ENGINEERING

KEYWORD: Keyword Extraction, Word Segmentation, Character n-Grams
Nattapong Ousirimaneechai
Extraction of Trend Keywords and Stop Words from Thai Facebook Pages
using Character n-Grams. Advisor: Asst. Prof. Sukree Sinthupinyo, Ph.D.

Social media can be used to analyze the behavior of people in society,
and we often analyze it through the trends in society. The trend analysis can be
done through the analysis of keywords related to the trends. But the method used
to extract the trend keywords requires Thai word segmentation tools, which are
trained with a Thai corpus that does not include sentence information found on
social media. As a result, the word segmentation tool has problems when
segmenting non-standard words, and thus affecting the efficiency of keyword
extraction. In addition, the keyword extraction method supports only the fixed
length method. This thesis has developed a method for extracting keywords that
are trends by using the character n-grams method instead of word segmentation
methods. Which makes it possible to extract keywords that are not fixed in length.
In addition, we used the trend characteristics to create the stop word database,
then filtered only the words that are trends. By comparing the results with the
traditional methods such as TF-IDF and TF methods, it was found that the method
proposed by this thesis provided F1 score of 0.402 which is better than TF-IDF
method with F1 score of 0.165 and TF method with F1 score of 0.183. Finally, the
method presented in this thesis is especially suitable for tasks that require non-

fixed length keywords, such as finding the trends on social media, Facebook.

Field of Study:  Computer Engineering Student's Signature ..o

Academic Year: 2018 Advisor's Signature ...
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NIAIUABURIADS N15TANISHUANTUER LT Tnedanasunldlunisanan dnagld
NIWIYNTY iNeIvaULYAYeIA lndnazdinisldnguudiungislunsuusaulen 1wy ng
ALETIAGIER ngIIuAtesdn 1Uusiu [2]
Falylduaniunemintdunindusesdindesilentdrslunisuisteninu Ineinuise
MmuAIeontislunsAnAIuNAIBIBY 9 WU N1wU waza1wdgUu (3], [4], [5] T
annsasuunIsnlglunsanmesndudu 2 Wlue 9 leun [6]
1. mssnAlagldnauiynsy (Dictionary-based: DCB)
Teilagldmieglunauiynsuuieededmiunismveunve i lagaiunse
Uszgnaldanunguiiudslavainvanguuy tnedsnideuloun
} n75&7‘”@@"7&U‘Ugﬁanﬁ"ﬁ&/nﬁq@ (Longest Matching) [7]
aad a ° v o o o A
FazRasanmangreluvnvesuselen Tnang1e1ufnA1InIUAI7
a [ o c{'v [V~ 1 dl’ o d' d' 1 [
faglunaunsy mnAdneenin dududiunilsvesmauieinit wagds

(3 P vﬂod‘

annsadadudfienniildey fazdendaidumiioniniinou usndns
TWauauusgloaudn Usnginddnysiindesgludszlealiiludiieglu
wannynsy azseuladounduluidendiiedesnitlunauiynsuuny au
ansadarviessleald udeghdlsinuisdidmedidam wmndildny

Tunauunsuae [8]



- msinAvUdenmvideusIniign (Maximum Matching) [9]
THzdwuAnnsUAUNTFRRWUUERNAINE1INgA N IRAAN
Wedlifguuuy mndaladnisansussloanudeulefiou Weoswinming
WendAignfianneu A 9 widlenadaianainganiull lagisilay
v o a & 14 & Y A o A o ¥ o o a
apsdnAmnwuundululavesusslontu uanfendmeunviliiiuiuag
snanUszleatutosiign esmnawilvediwaududiuiuunn wikanun

'
U

penasnlglunisussananaioinalulnazUselun
aga Y v o adaad Ql' [V v o Yo aa

UBNINIBNNATINAY §38135DU q Namnsaldla wu nsanalagldaniiniu
g1aaedian (Shortest Matching) n13dadlaeldadtuuivzidunisadn
(Probabilistic Matching) LLazmiﬁmﬁﬂmisﬁﬂmé’ﬂwms (Rule-based Matching /
Feature-based Matching) tdusiu [10]

nsdalagldisnsiseusvedases (Machine Leaming-based: MLB)

nsinsUkuuiiagldmsieuivesasewnasiuuuaesiivenitiidnys

Inuvesdszloatne Midugasuduasd lnenisazasiswuudiassnnanle
JzAealivayanaagduIuNIN Yeelsylendtegn wagAmngndnseuTesud
~ v A Y] = v ) o ° U oy S aady
elvaTesdnsileuinaRaemnaItiu uavasauuudnasensdndila 8935uL
Idudeddgrudeyadimnnauiynsuas ngisnseudvenaisafiivanaiy
Wdenldadreuuudnans 1wu u1dwiug (Naive Bayes: NB) [11] auldsindula
(Decision Tree: DT) [12] §nuN05ALINLADIUUITU (Support Vector Machine:
SVM) [13] oudtuuuansuneuilas (Conditional Random Field: CRF) [14] uaz
TaseungUsearmiian (Artificial Neural Networks: NN) [15], [16] Iaa@naiaiugn
Y99I5N19 38UV UATOUTHUMNUTIIULAEANIUNAIN A8 VBIT Y AN AR
= & A N o A o cala Yo &
FaduFeswnisnazasitmanasvesUsyleauudedenuooulatuninisldmludu

19N1569 9 wWasunlaslumunszuadsnu
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ASuNULeANU (Text Representation)

TUNUNIAIUATUTELIARANIIETINYIR N1sUSENIaRNaR18NYS (String) lalanunsa
nsgvildfulunumans 9 Ussan lnssnnsndnasudasdemnmmariulusuuuudunon wé
Fahluvssnanasiely Tneffnauastornudwioluil

1. 931 (Bag of Words: Bow)
Humsuasternuliifunnines Tnawdsusviomadifluderuuidy
Ffuauivesiiu Inedsmudduresslunauiynsa fegragu funils
Tunauynsudeseludl (v, ves, Aring, Unidou, a¥af] feudernu “dniFou

v

aYafmuaguesingeu” sggnudandunnmeifeluil [0, 1, 1, 2, 1) Feinuld
71 A3 “ns1u” Wegludeaiiu A1d1 “ves” deog 1 Aludeninu A3 “AmA3”
fiag 1 Amludandnu A1 “dnisew” ded 2 Aludeaiy wavddn “adan” fleg 1
Aludenin
2. msfasanauiveshiivnngluenansdudssiuureenasfidniuuiing
(Term Frequency - Inverse Document Frequency: TF-IDF)
nsunutenlusie TF-DF Wuismsldgedsuuvunids usunudiisas
wufiusazdeseannesfIenEivesd 151azinsAuiadauive
(Term Frequency: TF) Tneifuprnudvesiduainsiuiuresdiualudonny

WIBUQIAT KAZATUINAINARUVDITIUIUENAITNATUYIING (nverse

' o
a1 o C%

Document Frequency: IDF) Tagtiuainuiididdudsingegluideniny uazin
° & | v | a v | Y o a YN |
UIULNATNINLA IdusgAnuafenad waniludeulieglugvesan
log IagA1 TF-IDF azdlAwvindunanuesdn TF Auan IDF deaunistugunimg 1
wAILLaAUINAY TF-IDF vaausazaluniazdanulawdd 1s1Aatu1saasie
1INLAIDS TF-IDF v040aAu LAk UUGRe T UgIA1ELeY

N
Wi,j = tfi,j X log <_df)
l

W; j = fin TF-IDF wosri § luenans J
tfi; = dwumsunng § luenans j
df; = Snnuvesenasiididn § egluenans
N = druuenarsvimun

YNNI 1 aun13NI5AIUIAT TF-IDF Yadudase)
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3. LNWeTiugen (One-hot Vector)

Junsunuiudagdrdonnmesvianioe Tngdruudlunauiynsy agil
AnvfuIIINdAvaInmes Tugen nanfe alunawiynsud 3 A1 LInwes
Jugoniazdl - 15 lnsusazan ssgnunudieanmes [1, 0, 01, [0, 1, 0], [0, 0. 1]
puadu Jefifeidefovunnueannnosudaziaaglngun mnddlunauiynsu

Fuaunnn Ieilvlddunten dwietaiuandlugunmg 2

wauWa  uzazne  Aan

N

woula =1[1,0,0,0,0,0,..,0
Nyavne =1[0,1,0,0,0,0,..0
nde  =10,0,1,0,0,0,..,0
du =[0,0,0,1,0,0,..,0

Ui 2 g‘z/n7wa7°’aafmn7mUam"%ﬁummmaﬁ’u%@

4. @H487 (Word Embedding)

Jumsunuiudagmngnmesraienmesiusen uwauilydgmsiuiu

'
al

TFveanwasiuganntanuInuINiuly Tne3staunsamMunuAvruInlAve L INIADS

£ 1% 1 1

15109 Inon1sdenusovineseninannaed 2 fseA1AINLANAIS wIn 2 A1
LANANIAY ANTYEEUNsARTITINN AN 2 AfiRdnefu AnszazuneRnlsasiie
TngAnAnuuAndnsl SHafmusldnananswuy fegsiideuy fitaiunsaadu
Mluvsuniesiulaaiseglndiu Wit “o1e” AU “ngs” Arslnanuuinnid
“gg” fu “lU” 1Juduy éﬁ“@éf’;asmﬁl,t,amslugdmwﬁﬁ’ 18uININIATIZAUIUNAIN
Usloalugrudoyainmiegassiumislmuvesussloaths udsslonduiindrety
fireylsiunuilatng Wudu Tneedosdiofiteuldun GSayan wordavec) was

Tnaw (GloVe) Wusu
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au
= = a
Hana x—smmm
ey Wosy — I‘iﬂm
- Wwadau
® pa —
et Sede 2]
.0 YT I —— ugdln
LA 4 DA
WU Taifimn
[ , VeAUY ————— Fupy
1597837 U Unna
WWAYE - LA AN - N80 Uszine - 1ileg

FUNMA 3 JUN M08 NAITIAGI8AGIMAUTONDITAINITATININNDSUUUA IR

n1sanaA1E1AsY (Keyword Extraction)

Hunuiifesannsasey f vie 98 Manuddgainenatsine q legnadnlusi
InemsadadAgydnaggnlddmiunisaunauansaunag (Information Retrieval, IR) 5338
grldlususing q SnannunefiAgadesiunisszananan1visssued (Natural Language
Processing, NLP) 1 n1sagulapanud1fnyenluild® waz nmsdanisonans usu [17]

TneTsmslumsatndddyiitenluiligdu YssnoulumeiFesiiiendeasdsd

1. 1duunsy (n-Grams)
JudaneIfiuedrmils Aldudnnisiuteninuesniduyadisnus lasi

uIUFIBNusluAAz YA UNNMUA [18] WALLB9INALAINITOVDATDILDAR

1%
=]

APiNNINTY Y lieuvate o egrednisuindieaias Sadunalvdanesiiu
v a I~ YR [~ ) Y'Y} | =~ =
fingnivasudu msnudeaiueenidugavesduny dwnegdlusunimi 4 49
TuaAded lulaldnuesestliofne 3e9zldanununef AN Ld UL WHLAD
AuTaLuluAIUAIILNLIY UITERIIVeTHAIT LBULATUL VUGN YT

(Character n-Grams) WU 1HuknsY Inekansddog1alilug5799 1

N =1: |#|feoUszlen|feotd gilunsy: &, fie, Uselen, fedia
N =2: |i|fs[Uselen daens Tuwnsy: 9 Aa, Ao Yselem, Uszlom droena
N =3: |fAs Uszlem|Alaena Taswnsy: 4 Ao Uselen, Ao Usylom Aagis

FUNMIT 4 5UNINAI8679909m 5 ITEULN SUUUUAT
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n=1 n=2 n=23 n=4 n=>5 n==6
il " N NI4L NN ATULNN
1 4 4L TN TULNN
by ] N LW
b LN LN
N NN
N

915N 1 915 NBEANHI08 1905 IO UL TUMUUSIBN YT IAEaDn n Faus 1 59 6

Amgn (Stop words)

ARAINIAITAUBaNAauaiAfAdAtY WosInA1yatulsIngUIuUesly

onas ualirsslanstslannudrgle 9 veaenans [19] Megradua1in “ns”

« P T B R TR JNN S A { 1Y, NPy g oo o
A" “AR” “9” “@9” Wuau FsauvanillasdulngdnliludssinundAgyves

o

Y ' P

& [ < & o o Y < o
bUBAINU ﬂ\‘]ﬁ]'JEJEJ’NV!LLﬁ@QIﬂUW’)i?\?W 2 UBNIINUATUNNAT B1AUULTUAINYA

]
[ '
=2 o o a

P39kt TnYUAUANYULIIUNABINITILIATIZNAI LU

megeUszlanily metheUseleaiidindvgnoen

< ¢ A @ & sl vy oy < P < ¢ w a
Aulednia Wuiuleanlynumasiag g Auleaniia, Vuled, Aum, dewing 9,

INANERY Adfgy

A

15wy lmuiies el Yy, willey, Taluy

JUYBUNITOU QU YU, 91U, 91U

M15799] 2 msNuaasiegvesdsylemialuluniwdingy uasyseleaiidnamenaan

3.

nsnuuaInitnAl (Term Weighting)
nsiuuatminAudnaggnldlunismanusngiudes wse danulen

wunAdu 9 Tuenans [19] leeadsndnazldlunisivuatining lawn
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- PINITANAIINAVIAITUTING leNTITAIUAILTININYBNUONTI AU

Usng) (Term Frequency - Inverse Document Frequency, TF-IDF)

Ingstmnazthumaddny dndndusesdnd wazldpivdanesiiudu

v N

WASY WemANATDILATY aaduununsueenudumdfysnd Jawa

% '
Y o ) ]

nIstagiisivmiindesazdudmen dfiminnans q asdud

1Y i
o v v oA

Ml way Admingsasduddfy dediegrsiuandlugunimg 5 ud

Y

aa =

J9INNAVBIITUAD AN1SITNUILAMUTILUTHUALALINUIUDNEANT haY

(%
o

nsAum ity 9 Tuenas mnenaisiidduaunin Agldna

Us2aanauIY

Sunumiivsng @) 4
AmEA
o o !
AMUIINAUDY
o ] 4‘ 0'
PUIUANYIING (A1)
BT UIUDNATT
msing @n) sng (tiee)

TF-IDF (Uag) -> TF-IDF (110)

FUNMI 5 FUNINEI06 190 TINTIUaRIA NGNS TE IR MDA UA IR

(s nglulunienans) 4ea1 TF-IDF axioudeaidniuaiagla

- MINITAIAIINGYeIRITUTINg luena1s (Term Frequency, TF)

& adda ] v & | an I o |
L‘tJmﬁ‘VILiEJ“UanJLLaz‘UizmaNalﬂLi’JmﬂﬁLLiﬂMﬂ I@ﬂﬂqi‘lmﬂ’]U']ﬂﬂuaju

' (%
aa o W

YOI I IIUeNasTTiATY 9 Usinged Feivlidnlusedinistem

v o o o 1%

mqmaaﬂmm@ﬂmiﬂ'au %q‘mﬂﬁgmmauamm@mmmmmamuﬁuagj

Y 9

Y aodd v o o w o aAa a 14 v
bbeY73 ’Jﬁ‘lmﬁﬁiﬂiﬂﬁﬂﬂﬂﬂﬁ’]ﬂiyﬁ]’]ﬂﬂ’]%uﬁ’)’]ﬂﬂﬁﬁlﬂ@EJ wagldnarussanana

Y

$9L59N7314N sasegeuanslilugunmi 6
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813! . AN
2w MofUla
.... & Ay ﬁm.;@ s
S(EYQE e
bW 151 n
= Qwn
woqiy At
: DL
X Chct " i GQ Lo s e Inlalsa
Lilensesrngn NTOIAMEADBNUAT

FUN Wil 6 JUnmdaegunislem TF lumsanamainy lagavamenaen

n1s3uundaya (Classification)
downdnsfiudeyal3unamnn sanusadiuundeyavesisieondunuinmysng 9
mudanisdesnsinluldau Wumnisidesnsmamessdn? 153 nduiessiunaing
A 44' Aa o ¢ AN 1w ¢ ) = & v °
dineu Weusnnmnddniwazainilifidnionnainiu ¥50U19ATT 151919ABINTITIILUA
adnd Jdudniviiale Fausrervimuaniinvyven iy A maty nmwwa amdan
waznmay 9 1Wudy Tununemiunsingeine1sssuaes nlenundndudiesdiiun

Foyaruiu 1wu n1sduunesualandemy msdnussanvessaunedidnnsednd (Ju

v

Au iamﬁqmiaﬁ’mﬁwﬁmmﬂLﬂwﬁﬂm’mﬁ’mmiﬁﬁLLuﬂ%’aaﬂaLsu'uﬁ’u

o

[

nsduundeyagnimduaunissnunisiseuieniasuuuiifasu (Supervised

Y Y

Learning) [20] tlo391nn1sassuuudnaesfiauisaduundeyald dndudediyndoya

a

Anaow (Training set) Miludoyafilunaasvoiusaznuinny dmsuaeuiniesdnslv

ansainlaniianyeng q new laednwiudeys ldasuiinareaiuuiug1veauuuinass

fellvoualeazwaraINay huUIanInlnazdeluseansnin Inedisas1qwuuinasenuey

Y

dwiunsduundeyanall
1. hUUINABINFILUNTNAU (Linear Classifiers) [21]

Juwvudaesnsduundeyavudoya 2 nqu Ineldidunssduniswds lny

| v [

LUUDNABITALNENYIUR VA UATIN LT W UINANTDUAINNYATDUANNADU Lilala

9 U 9 Y

1
¥ U o v !

dunsenldudsngudeyauds wifamnsadndunsaiunyineteyalals 11eg

Y

Tunqule deiegeiuandliluguning 7 lnsliuuudraesideudsd wuudiaes
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ladafndnnnay (Logistic Regression) WUUINADIFITILUNLUGDE1998 (Naive

Bayes Classifier) waghuudnananesidunsou (Perceptron) lUudu

Y

sUnmd 7 gunimaegnsuvsdeyasenid 2 ngulpeldidusss

2. LUUTIAINGNNEIALINIADTHUYTY (Support Vector Machine: SVM) [22]

& aaa o v o a ¥ o & ¥ '
LUITNWAIUINIANNA I UNLTILEU I@EJLLUUQW@@QU‘\]%I%L?ﬂLG]E]ﬁ‘Llﬂ’]iLL‘U\‘i

¥

Joya Fannislteya n 17 nawesildluniswusleyafvzdvuin n-1 45 uazdy

YV o o o

wndedninvesiuudnaesnfdundady Aldansaudsteyalaefiuylyl
Judunsald Ganndeyainaeuldansouusldlagldidunse Aagldnnuuiug

Y9I UUINA0IA 0104 Ingluwuudtasstiinisidmashuansn (Kernel Trick) 7

weneyilandunliulasioyanau ieliaunsaldiinmesidunsudsoyaiign

Y

[

wlasudala saegranuanslilugvnimig 8 vialiuuudiaesllanunsoundednia
'y} | v o ° ) Yo v a v ° | i
Aana1ala wazdalinisinludssgndldiudeyaiisndesnisFuunuinniy 2 gy

Tnefimsldduaunnmesiiuluiowlsloyasanduvatengudneiae

! ! L
o o
LR IRIGIRIGE e o
— °® L4 @)
o o O
OO
o ©
» X » X

FUn Wil 8 JUn Mg msltinesuuaninuasdoyanieilitiy nlsansoldiaunse

Tlunysuvele ldudayanieieya) farunsanianaosidun suusld
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3. wuusiaeandioutulndiu k f (K-Nearest Neighbor: KNN) [23]

wuudnaesilazldyndeyarinasulunisiuiedeyalua lneaindeyalvaieg
Y a
il

[y

Indfudayailnaeu k dalauniign waieiarsurinluussaideya k fatu

Y 9

Funudeyalumnandlaviniian Aaglanaviueideyalmidudeyalunuinmy

Aana1 aegwnuanalilugunimi 9

A A
///—#_—_‘-HH\\. A
7 ~
/ N\
/ A\
/ \
/ \
[] 1
O [l ]
O\ O /!
Yy L
[l \\\ -7

~———

FUNINIT 9 FUNINGI8ENNITNINGUYBITOYATNGA )
WINksuAeN k = 3 vayagnanivuiudoyalunguaiumass

UAVINLSUADN k = 5 ﬁayag@ﬁﬁmmﬁusz’)’a;u/a?unzgﬁlﬁmﬁw

Fawuudraesdl wdndudesleuseznessnindoyala 4 Weliauise

[ [y '

vanlaindeyausiaysi agvineiuinlaiiues Felaidendnveswuuinassilfsvuin

Y
YwUUIIaasnlavzivuinulsauvuInvesgadayainasuildlunisasieg
wuudaes Mbnldmsnenazldtuyadeyatinasuuuiuuin Faunnaindn

s 13 oA ° Y ° sag v ]
wosnINMoTUNTUNVLInYRIMUUTIaRlakUTIuTILIUNNNesTTuUInEY
Toyavewuudnaes Fuililduuuiasdifivuiadnnitun

4. WUUINABIAINNITEINALEINITD (Boosting) [24]
JukuudnaesiiAnvulaeduuifndl 51d1015a UL UUTIA0INATY 9

wuudnaesilirsswsiuglavielyl Tneddmandusndieiuyiuiedeya 1511

=

Tanuudnassiiug U 1neluudaoilaziinaawsnuuuTIassdu & u1Tunu

[
1 o

lagealdanaie vsen1simmdsstisnntunisasunadns lagddinranimdnid

wuuinaedlau@eiendiiu uagngrgruusuiiaisiminainainiuyadeya
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Hnaou dwegeiuanslilugunimi 10 vinlvwuudaesiiinnududouiuule

ANULiugaInIINsEUUTIaeslluiugisuuTIafALItuLe T

LUUInaes 1

e

Haviung

8
Uvda
u

LUUYNa849 2

Hndaw/madau

LUUYN8949 3

UM 10 gUn e 9nIsmaansvnlunaunldlun)syiuignasauniy

wuudassaneulddndula (Decision Tree) [25]

o -

Juwuudassfiondunisaateululiiudeya ieuwlideyasendungudes

Y
2

B 1 Y d‘ o (Y 4 1 14 =%
7 auReuly lnsusazRoulunuuudtaewsasngreuliuisyatoyatinasu
< oA a ! v ! Ql' r-ﬂ' o - =i
gonidu 2 nquiiaunnlunquassiunguuemaRasuInian Weand wiuleulun
sosldlunisutadeya Insmndeyarenaudesnsiiunquuainalaasudd Nazngn
[ £

aSaeulunldudsngu v lanuudtaesnianvasidusuldveaeulusig

o U o ¥ U U 1 ‘SI ‘N’
dIIULUNTDLA mmaemmamlﬁug‘dmww 11

dNTNBINA

LA B BN

AMUTU AU

Laile 1o 19 Taila

sUnmd 11 gunmeiegumsusteyasenitiu 2 ngulpemslaaulddagula



19

6. wuudaeeanUigy (Random Forests) [26]

HunuudrassinensmananuweiAuly (Overfit) fuyadeyarnaeu [27]
yosuvudaesulsiinduls Wosmnuuudraesiulidadulatnlsviunelduiug,
uniugndeyaiinaeu umiliteulvwesulifiserannisuiu Fslimunzdmivly
Tvunedeyaln 4 Sutlfsmeneudasuliivardulfieas laonstmuady
arwiAngsanvaaild udassiuliindrdunansduuny Tnonadwsiildanusiay
duaggnlmmuuunisimdnadeuuuasssmuannse Juhliuudaesd
dnuaizadiedl Aeusenavanndulivans q dusiuiu Jeilduuuiiasdinany

wilugunnay waglinediuluiuteyatinaeu dwiegwiuanalilugunimi 12

Joyarinasu / naasy

7/{/ \‘\«‘_,k
_ —
— —
— TT—
-— T

fuldl 1 fulsl 2 fulsl n

Jur O g e

NavIuIe

UM 12 SUN NG990 UUT188997n U150

Ingnisiimaansilaoindulddadlousasduumanadeiodusariniegning

7. uuudnaesannlasaigysyanniien (Neural Networks) [28]
wwuSrassnnlassteUszamiontduanmsaialflunissuundeyald
lngkuudaesienaudeuiuumsinauveaduleUszamvesayud lagiiniswua
ooniudu q luwazduusznouludelmunvesnesidunsoudigndrsimiin Tne
Funsnanduturesdoyaindi Afesnsazduun uasdoyadindnasgnaduds
Fudnluiifionaviutidldnatsegns wu Susadeya nsasdeya mdnwuziame

v v @ v ] v | ) U sag v
vostoya asudeua \Wusu Instuanyhevedassieyssamazilutunadnsinld
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venideyailumnanyla lnswuudiasstiazSeudlaenisusumarnininues
WraztunILANNRANAATNARTUAINMIYIeYRtoya ndeu auldluuIaeill

! o = = =2 b ! o d’
AITULLN UL TNNWEIND awqmmsﬂﬂaau IWEJLL?I@QG]'JE)EJ’NLLUUQ']&@QI’?LU?UJ??WW 13

o
A 1%

Inedaldevednuudnaesill Aedeinisteyarnaauysuauin fgyilviuudiaes

FINANINLIANWMEYRIUBNE harynunedayalaklueg tHpI1nwuUINanIinIy

Y Y

Fugaunazdameugs

Fugayaut Jugou 1 JutaU 2 FUNATNS

FUNMI 13 UnmsIeeauvudIaealnsstiesyamiiguni 4 9

nsuusngadaya (Clustering)
UoyauNeETTNBULIANIZAT FUT1A@UITARUINGUTDYAR TN YULIANIZHT

wiantuld Faunasionavilisndiladeyaisfiuingadu wu Jeyaiildsuanduwes win

I A

51Uk UINguTeYan 913NUINE

Y Y

1

auauIANTlaNwMERANANNTUToYaBY 9 Favinlriken

e

a1unsaiasundeyaaitulaiedu Inenisuusngudeyatianunsadiunussendnueu

1Y o 1

MeAuNITUntayais lisTuIuminany wunsdwunUssnnvesldnu Tunsuwsn

Y Y

envzwUsldnusenidungy 9 mudnwasvenisldnu wirddntenguuerldau
Tuan welflunsduwundldnuluasadaly Wusu

nswlangudeayadauanasiunisiuundeyaludiunisasiswuuiiass wWeswnly

LY [

Iudusesdiveyanigniesvadusasngunou vliniswusnaudeyagninluaumiainunis

Y Y Y
(=]

Seuiveunseanuulaiiigaeau (Unsupervised Learning) [29] @evinlvlidisaedalunis

(%
o U 1 v A

wdangu [30] lagdsnlleudmiunisulanaudoyadisil
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1. nswuengudayaluuasutu (Hierarchical Clustering) [31]
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2. mMskusngudeyauuuLaiu (K-means Clustering) [32]
& ad = dg v 1Y < ! 1 v o o oAl
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mMaIunguuesleya ImidluiSeentisunfie Bderen (Elbow Method)
- 359eA0n (Elbow Method) [33]
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3. MskUanguInlaseigyszamiiien (Neural Networks) [29]
Tngunlassneyszamifiessindesninnldiunsduundoya esanms
AnaeulasaigUszammiiendnludodinawasvesdoya wisaunsatlaseiey
Uszamiteusnldfunisudengudonaldiduiu iesannlaseieussamidioni
awamnsalunisiudadeyatiioandiuauiiivesdeya 1n3shnnuaanss
Fanamuszendld ng3satenldun
- n75441/@0773%/@44111/5’%75@mad (Self-Organizing Map: SOM) [34]
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- wqwﬁn75§uﬁamuvﬂ§’ulé’ (Adaptive Resonance Theory: ART) [35]
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muitefiAafunisdadiaisvedegusunumis luiidvesndiegnanuiseiia
audgatestuinginusatud Fudunuddeiinaasddnszurunisdng q lunsia
1oun masindlngldnaunynay waznsiadilagliiinmsSeudveneies fueluil
1. 1a5udnle (LeamLexTo) ta3asflofadiniwlnelaslinisiSouiveanios
(Machine Learning-based) d@usunsviiassvideannuniwlng
U889 C. Haruechaiyasak Wagay [36] LaAnw13an15anA1n1wlneg
Tnelddanesfiuneufduneausuneuflada (Conditional Random Fields: CRF) 3
Funddlunuudaomadinivinafdvsunmsinduuuusiae siunssssud
Tunaniu TasdeidevesisnsSouivenniosiedndusosdindstoya (Corpus)
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LLUUﬁ?waaﬁQﬂﬂﬂNusﬁum favheuldfangiuty 9 widy Ssdmanis
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2. W@nlanaa (LexToPlus) tASadiladnnuieai (Lexeme) n1uiltnenazyinlmdu
17113157U (Normalization)

U3B89 C. Haruechaiyasak wagandg [37] ladnwuasimuiiasasdiann
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Alndannesesiiatfy 1AsuLAnle Losdleanudaeni1stiunisidiasesiiodneilu

NUNAY 9 YN FTIWDIUNWAIUNTIATIZRUayadodirneaulal Finazd

Y

AMNRANAIAN A ATl sEleafinsTdATasuwUaslunuuiuneng o @9

ndgymnilies Miliiasesdiowdu @swanls NgniwuisieIsnisisouiveaesos

Y
ldanunsaudlededninilld esnnlilindeoyailiesne Jeviliind Jeidenldy

Bnssiadlaeldagmauiynsudumdn (Dictionary-based) waslasusiengnig

a A o

A (Rule-based) Fslvinananinlunisfuiletutymuivariieuiuisnsseu;
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3. nMsenAnaulanasnsvatewuulaslslasieUssa e urigANNINssesdUY
LUULNILUU 2 7EN9 (Bi-directional LSTM Neural Networks)

UITU0s T. Lapjaturapit wazaaly [38] loAnwin1sanAllunalsniIen

'
a

IeuA 3w guu warlne Tnewuilassngyssamiouuuuanidaduifenlunis
widamnisine Tnelaswnedssamifisnmissarusissezdunuuens (Long
Short-term Memory: LSTM) éf3ummwianlasnniian ilosanndinslddduvesdi
Aeunthuldlunsiasziadn 9 Wée Tnadeniudiidauddylugu
Aeuntililinsedise wariildsumnuaulasesasnie Tasaiedssamidionuuy
2ug (Recurrent Neural Network: RNN) iiosarniinisléasiuvesdilunsilnge
Tuwa InelaseneUszamifionwuy LSTM Aldunildlulaseneussamifiouwuy
Jusfidnstauninduu IngldfinnsAnwiedesdleoldlunisindfiaiiuis
wuuliwauynsunazuuuibildnauynsy nufaeiosidadiililasadie
Uszaiiguiuuan

Andn (Deepcut) WundlsluinIosdonldlassneuszamifisuuuudnd

Y]

Anaouiitelddmivdndlunwinelngldndstoyaniu BEST2009 [39] Faily

A v o a

\wwvesilafinAniuseansamadlasian F1 89 98.1% dnnuasesile Deepcut 1o
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amUadulamugesa (Opensource) uuivledfndu (Github) ynAuauise
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IlassneUsgamiisawuy LSTM Inedin1sussenaldrn@inuu (Threshold) m1y
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1. lasetregUszamiieuasuligdu (Convolutional Neural Network) d11funns

31wun (Classification) 99734
NUITVY Y. Kim nazanz [40] la@nw1n1531hunv9999a214 LagLaue
Bnstduuudtasdlaseigyszanineunsuligdu (Convolutional Neural
Network: CNN) Tusgauan Inganuided ladin1sanaiannuselen wasklasati
< I3 1 o I o 5 I o o
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2. lpsseUszamiiisuneuligdu dmsunisasiawuudnaes (Modelling) Yaany
U398989 N. Kalchbrenner wagany [41] ladnwinisadiawuudnasy

ToAu Inglauadnisnimvis Asiuudtaedasiieyszamiieuasuligduluy

1%
v A

Wadm (Dynamic Convolutional Neural Network: DCNN) Tuszauai Tngea1uided
19Hn15fnAIINTanY wazwlaselimduinmas wilounuddenaunin waty
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P | v g v o ° v v ¢ aNa
Wenkuuniinaa lneyadeyanldidunisdnwundeninusiuesuaiainiia
AWYUAT WALINNTBAMUVUADAIPLBaUlaUNIAMDS (Twitter) WALINLUNVDA
Usznaraulunedinge Mitinuuiiassilinaanslndifssiul uuinaadves
Y. Kim wazane tnganunsosuslunisannunasunivesianing
3. lassdnguszamiisuasuligduiuuiin (Deep Convolution Neural Network)
AusuiATIzienTual (Sentiment Analysis) 903U9ANUUUINGY
UITBVDY C. N. d. Santos wazAmue [16] IAANYINISILATIZNBSUAIYD
4 gj 1 =1 Y] LY Y) [~
TonnuvuIndu waziauen1sldlaseinguszamiiisunauligduaindisnysiduy
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NUITYYBY X. Zhang wazamg [15] IAAN®INISIUUNTDAINY LAglaus
n15tdlasevngdssaniiiennauligiuseAunidnes (Character-level

Convolutional Neural Network: Char-CNN) @3uuud1aesiana1n Suteyaiidn
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1. ﬁwwqmiuﬂﬂiﬂizLﬁuﬂ"]mma'mﬂiaﬁlumia’m%’ammmwﬂm
91U VOY P. Daowadung Lazane [43] lﬁﬁﬂmﬁmqmdwﬁmaaéwliﬁia
1 < = o

ANNEINITatuNNTEIuvBRAnUTEaN 1 aUseau 6 wingniteenluainunay

Ingdn13a319AneAN 19 eI IFLUUTIRIMNATAAIUAAURUUTIABINIG

~ | & A o ¥ & ° P P =~ o
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1. M3d159978M5ainA1u3 (Knowledge Extraction) aMwlnegdmsuiasesilonas
NUITIUTMINEAY (Semantic Web)

Had1999U09 P. Netisopakul uagmug [45] 1ad159199Uneaun1saine
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Extraction of Trend Keywords and Stop Words from Thai
Facebook Pages Using Character n-Grams

Nattapong Ousirimaneechai and Sukree Sinthupinyo

Abstract—In the era of data and information, insight of user’s
behavior such as trend is normally used in real-time marketing
for improvement of gross profit, therefore, it is beneficial to
know the trend in social media. Word tokenization and stop
words list are the conventional method for keyword extraction
task, however for Thai language in social media platform, there
are still no efficient word tokenization tools and stop words list
to extract trend from platform such as Facebook Therefore, in
this research, we propose an algorithm that require no word
tokenization tools and external stop words list for the purpose of
Trend Keywords extraction. The core idea is using Character
n-Grams, instead of Word n-Grams, to tokenize, process, and
combine n-Grams into keyword. After that we identified Trend
Keywords from other keywords by using our algorithm to
generate stop words list for filtering out stop words. For the
evaluation of result, we use human to classify the retrieved
Trend Keywords and compare them with Trend Keywords from
baseline method. As a result, our algorithm can identify more
keyword than baseline method. Finally, the precision of
generated stop words list is 97.6%, and the precision of Trend
Keywords is 40% with the used of 1-month generated stop words
list. Furthermore, by using 2-months generated stop words list,
the precision can be increased to 44% by consuming more
processing time for list of stop words.

Index Terms—Information retrieval, keyword extraction,
social media mining, stop words.

I, INTRODUCTION

Facebook is one of the largest social media platforms. It
allows users to set up Facebook page which is a public profile
created for a specific purpose. Facebook pages can be divided
into many categories, such as business, news, celebrity,
brands, and organization. The amount of public information
generated and provided by these pages is enormous and their
contents are up-to-date; therefore, if we can extract and
analyze Trend Keywords, which are appeared globally across
multiple public pages and still appear for a duration of time, it
will be possible to find global trends, events, or even behavior
of the mass.

The solutions for keywords extraction in Thai language still
have plenty rooms for improvement. Most of the solutions
require external tools, which is word tokenization, or external
database, such as training data, Thai word corpus, and stop
words list. However, due to the complexity of Thai language,
most of the tools are not robust enough.

The most complicacy part of Thai word tokenization is
sentence segmentation. To begin with, word separation does
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not present between words in Thai sentence and the alphabet
itself also not having their own meaning, so reliable word
tokenization tool is significantly crucial. Moreover, the
present official tokenization tools do have limitation to use
with social media like Facebook due to occurrence of the
newly adapt and slang word out of official dictionary.

For tokenization of Thai word, there is a corpus by
NECTEC called BEST2010 [1], which provided data like
dictionary, segmented sentences or part of speech of each
word in sentences, which is the only one widely available for
Thai corpus. However, this corpus is not up-to-dated.

For stop words lists, there are only small lists available.
The biggest one consists of only 115 words which is not
nearly enough for social media information analysis.

From reasons stated above, we decided to develop our own
algorithm that require no training data or external tools. The
objective of this algorithm is to extract Trend Keywords from
Thai Facebook pages using Character n-Grams instead of
word tokenization method.

To test the algorithm, we decided to collect Facebook posts
from several public pages and analyzed them, using our
developed algorithm, to find Trend Keywords during specific
time periods.

II. RELATED WORK

A. Finding Keywords

For keyword extraction, n-Grams and stop words should be
stated and clarified before.

n-Grams [2] is an algorithm for slicing a message into small
groups, called gram, which has constant length. n-Grams can
be used to slice sentences and phrases by word or character
called Wordn-Grams and Character n-Grams respectively. If
the message is sliced into 1-length gram called unigram. Inthe
same way, we call bigram for 2-lengths gram and trigram for
3-lengths.

Stop words [3] are words which should be filtered out
before finding other significant keywords in documents,
because these stop words can appear frequently but provide
no specific or important meaning. For example, common
word such as “the” and “and” are considered as stop words.

Keyword Extraction [4] is described as an automatic task
that can identify important terms which best represent the
content of a document.

To find keywords, one of the most popular algorithm in
Keyword Extraction is TF-IDF [3], TF stands for Term
Frequency and IDF stands for Inverse Document Frequency.
TF-IDF is TF value multiply by IDF value of the same word,
so the word with high frequency and appearing in less
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documents is the keyword. On the other hand, the word with
low frequency or appearing in almost documents is not the
keyword.

TF-IDF with Word n-Grams can be used to find
multiple-word keyword. For an example, to find keywords
with 1-to-3-length, all unigram, bigram and trigram will be
applied with TF-IDF, then grams with high TF-IDF value are
keyword. By this method, stop words with low IDF value will
be excluded from the result keyword list, but also consumed
more computing power and memory. If the stop words
database is provided, the calculation process will be reduced
to only TF method without finding IDF value. Unfortunately,
the stop word 1s unique and diverse across categories. [5] In
some categories, ex. travel, the seems like stop word “from™
and “to” will be not excluded from the keyword list according
to the meaning of the location, which these words are needed,
however not in others. For each specific category, stop word
is not easy to come by from the accessible database, and
general stop words database is not enough to categorize
keyword from off-list stop words.

According from the reason above, stop word extraction
task is an important task. One’s solution to extract stop word
is filtering by high TF or low IDF value. There are plenty
room to improve such as R. T. Lo, et al. [6] proposed a
method to build a stop words list by using Kullback-Leibler
divergence on the lexicon file and select L top rank words,
where L 1s a parameter. The result show that the new method
provided higher average precision than the conventional
method of using TF, term frequencies, on the corpus and
perform thresholding to select stop words.

B. Finding Trend Keywords

Trend Keyword has some properties that are different from
normal keyword. Trend Keyward should be appeared in most
of all documents with high frequency like stop word, but it has
a specific meaning. From this property, Trend Keyword must
be separated apart from the extracted stop word list.

There is some similar research about this topic in Thai
Language. A. Piyatumrong, et al. [7] want to find the keyword
that can represent event in social using Twitter data. They
used a word tokenization tool, LexToPlus, to tokenize Thai
twitter message into a set of unigrams, bigrams with stop
words removal and a set of bigrams without stop words
removal, then comparing with non-required word
tokenization tool algorithm that using hashtag and hashtag5,
which have more than 5 characters. From 5 groups, both of
only TF and TF-IDF method were applied to extract event
keyword. The output result of TF and TF-IDF were similar
event keyword without any statistical significant difference,
s0 it was suggested that the IDF value could not classify event
keyword from stop word. According to no different results,
the only TF method were used for further analysis due to
implementation, memory and processing process. At the end,
across all method, hashtag5 shown the best F1 score.
However, the limitation of hashtag5 was that it can only
identified event keywords specified in hashtag and missed
other important keywords in the content. In addition, they
focused on the extracted event keywords, and founded a
number of intersection between event keywords with each
method 1s low, so 1t means that, the extracted event keyword
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cannot be relied on only one specific mentioned method.

C. Word Tokenization

Thai word tokenization tools are developed by NECTEC
research organization. At first, they developed a tool named
LexTo that is a dictionary-based word tokenization using
longest matching, but it is not robust for words that not have in
a dictionary, so the precision of this tool is very low in this
case. After that, they developed a tool named TLex that is a
machine learning-based word tokenization using conditional
random fields and use the training data from BEST corpus
that officially segmented. The precision of this tool is
impressive, but some segmented words should be segmented
into a smaller word, so they used dictionary-based word
tokenization to help after segmented by TLex and called
LearnLexTo [8]. Unfortunately, this tool still has its own
limitation in some categories, exX. social media, due to
intentional spelling error, usually found in social media, is
generating new words and new sentences, which are not in
BEST corpus, and LeamLexTo is not trained by these
intentional spelling error sentences, so NECTEC decided to
develop new tool from LexTo named LexToPlus [9]. With
LexToPlus, user can access to add any new words to
dictionary, and the method itselfs can be applied with
insertion type of intention spelling error, so it will be
practically used, if the up-to-date social media dictionary are
provided.

D.  Finding Keywords without Word Tokenization

A research of C. Haruechaiyasak, et al. [10] proposed an
algorithm to extract keyword from categorized documents by
not using word tokenization. The concept of algorithm is
adding character to string and checking TF and IDF value to
classify a keyword. Begin with finding TF wvalue of all
1-character length string, then add one more character that TF
value pass the threshold, the rest will be rejected. Before
adding a character, each string will be check whether it is
keyword or not by thresholding IDF value. The keyword
string will be collected, then all of the string will be sent for
the next TF value calculating. These process goes on until
none of the string pass through TF value thresholding. Finally,
all of the keyword list will be collected.

However, by using a data structure named suffix array to
optimize the calculation process for each string contain in the
documents, but the optimization is not sufficient. At the end,
the process loop is terminated before completion, and getting
the partially keyword, so the combination of keyword on the
list is required. Moreover, it is suggested that, combining
between the partial keyword under the condition that both of
keyword are overlapped with the same exact TF value.
Although the result is quite impress, some keywords are still
lost and some in the result list are wrong.

III. METHODOLOGY

In Thai language, words are not separated by space, instead,
the space is used to separate sentences. However, in social
media platform, such as Facebook, the format is unrestricted,
as shown in Fig. 1. It is also possible to incorporate two or
more type of character, such as Thai, English, emoticon,
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number, special character, and hashtag.

agviiuAvina lauadatois () uaudodanladnitasuanali
fuyaiilvu wiaaraavuunasiitedniladnein m e #8nnw
wdanuasmsvinurgail Pantip.com

iaasTuin wianlduuualuviain Pantip wintiu uaatae [ ]
https://pantip.com/s/X9bZA
Fig. 1. A sample of Thai Facebook post.

A. Preprocessing of Original Posts

For each post collected from Facebook public pages, the
post is split by space into smaller separated messages. Special
characters, which are not Thai character, English Character or
number, at the beginning and the end of each message are then
removed by left-right message stripping. English characters
are changed to lowercase, hyperlinks are removed, every split
message are joined back, and finally, remove all space. The
result is shown in Fig. 2.

agviuAviualduadarafunududanladnitasusaaliduyais

TwunsaavaanyuuasiszdnAladnmudnmadanuaeninitygaa

{iPantip.comfltaaslmiqndanlduuuaduviainPantipiiniuTuasian
Fig. 2. Afier preprocessing of the example post.

B. Finding Local Keyword Grams of Each Pages

After preprocessing, posts from a specific page are selected.

Each post is tokenized into multiple grams of 5 character then
grouped by date of original post. In cach group, we count the
number of time that each gram appears on that specific date
and increment by the number of time it appeared on the day
before and the day after. We give an example of Gram
counting in Fig. 3.

Past Grams of 5 Characters After Increment
Previous Day: wiah {winm: 1, Jaf: 1)
Today: wind {a¥am: 1, TaR: 1} (e
Next Day: noaonn {onnna: 2)

Fig. 3. Gram counting

After the process described in the above paragraph, we then
have the number of frequency for each gram in a specific date.
We used K-Means Clustering [11] to cluster the counted
grams into k cluster, where k is the optimal number of cluster
determined by FElbow Method [12] using maximum
point-to-line distance function [13] as shown in Fig. 4.

Cluster Sum of Errors

max distance

St . §

K (no. of duster)
Fig. 4. Elbow Method using maximum point-to-line distance function.

Rank of each cluster is determined by mean of that cluster.
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The highest rank cluster is the cluster with the highest mean
and the lowest rank cluster is the cluster with the lowest mean.
The lowest rank cluster is discarded. The remaining clusters
are kept because they have the probability to contain both
keywords and stop words. We defined the remaining clusters
as Local Kevword Grams of page.

C. Finding Global Keyword Grams

In cach date, we put together the Local Keyword Grams
from every pages and summing the frequency of the same
gram. We then use again K-Means Clustering. The rank of
each cluster determines by mean. We kept only the highest
rank cluster and define it as Global Keyword Grams. The rest
of the clusters are discarded as they are more likely to
represent local keywords.

D. Finding Global Keywords in Each Post

To find Global Keywords that appear in a post, first, we
need to obtain Global Keyword Character by evaluating

every character in the post. For each character in each position,

there are 5 grams which contain that character, except for the
first four and the last four character of the post. Considering
the set of 5 grams for a character, if there are one or more
grams that match with Global Keyword Grams, we consider
that character to be a Global Keyword Character. An example
of Global Keyword Character is given in Fig, 5.

[_Global Keyword Grams [ _(('a', 7', 'a', 's', "=} |

Message 5 Character Grams
(ar, a7, I, A, 'a)
(ar, &, rar, e, tdn)
oo, At
ca, ., te)

afadnfunn ('a', "7 )
(2, tar, vsr, 'Y, Twn)
Cat, e, S, tw)
('s', ', 'ut, e, 'u')

Fig. 5. Example of Global Keyword Character.

After that, we replace non-Global Keyword Character with
space and split the whole post by space, so we can obtain
Global Keywords for this post as shown in Fig. 6.

Message | wasqiindnsifiutinlunmiinedn
: \
/
| Keyword [ undnm u\nﬁnu'\a‘u]
Fig. 6. Extraction of Global Keywords after identification of Glebal
Keyword Characters.

Unfortunately, due to the nature of stop words that tend to
appear in high frequency, the obtained Global Keywords is
still containing stop words which need to be removed.

E. Building a Stop Words List from Global Keywords

After we obtain Global Keywords from every day of
interest, it is possible to retrieve Trend Keywords and stop
words. Trend Keywords appear during a specific period of
days during the event, but stop words are appearing all the
time. Therefore, we can set up a condition to distinguish
Trend Keywords from stop words. Considering each Global
Keyword, if the keyword appears during the period of 35-55

105



International Journal of Machine Learning and Computing, Vol. 8, No. 6, December 2018

days prior to the day of interest, there’s a high probability that
it is a stop word. We retrieve all keywords that met with this
condition and use them to build a stop words list. We can also
use this process to retrieve stop words from each day and add
them together.

F. Finding Trend Keywords

After we have the stop words list, we can determine if a
Global Keyword is a Trend Keyword. Considering each
remaining Global Keywords that is not stop words, if the
keyword appears on 1-10 days prior to the day of interest, we
can consider it as a Trend Keyword. The remaining keyword
can be considered as a Global Keyword of that specific day.

IV. PARAMETER DISCUSSIONS

A. Number of Character Grams

To choose the number of character in a gram, we must
consider the number of character in Thai word. From the work
of A. Piyatumrong which we discussed in related work, the
average length of Thai word is 5 characters. Therefore, we
decided to use 5-character n-grams in our algorithm. It is
important to note that the character length of gram can be
changed and is considered as a tradeoff. For example, 3
characters gram gives a high detection sensitivity of both
keywords and stop words, on the contrary, 7 characters gram
can only detect long words (7 characters or more) which are
more likely to be keywords than stop words.

B. Range of Day Used to Weight Local Keyword Grams

For weighting of Local Keyword Grams in a specific day,
we must consider the nature of trends and events that normally
appear on social media for only a certain period. Therefore,
we decided to weight each Local Keyword Grams, by
summing the appearing time on that day, the day prior, and the
day after. If we use bigger range, stop words which appear
nearly all the time will gain more weight than the actual
keywords.

C. Clustering Method

To cluster keywords by appearing frequency, we decided to
use K-Means Clustering method which i1s computationally
inexpensive and sufficient. To choose the optimal number if
clustering (K), we used elbow method with point to line
distance function to select K. With this method, we can obtain
the number of clustering which is suitable for removing
non-keyword grams. If the number of cluster is more than K,
Local Keyword Grams will be further divided and this result
in the vagueness between keyword grams and non-keyword
grams.

D. Ranking of Global Keyword Grams

We rank each cluster by its mean. Cluster with the highest
mean has the highest rank, and cluster with the lowest mean
has the lowest rank. We chose keywords gram in the highest
rank cluster as Global Keyword Grams, due to the high
frequency of appearance which indicate trends and events.

E. Range of Day Used to Identify Stop Words

In our work, we chose the period of 35-55 days prior to the
day of interest as a range for stop words identification. It is
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possible that there is a specific trend that occur on the same
date of every month, so we chose the period back of more than
1-month but not reaching 2-months. The range is flexible, and
it is possible that there are better range than the one we use.

F. Range of Day Used to Identify Trend Keywords
Some Trend Keywords appear for only a short duration of
time, so we chose to consider each Global Keywords in the
range of 1-10 days prior to the day of interest. If the Global
Keywords appear in that range, it can be considered as Trend
Keywords. Again, this range is flexible.

G. Number of Sample Pages

The number of chosen pages is very important because we
must consider both the amount of post per page and the
diversity of pages.

Concerning the amount of pages and posts per page, if we
have a higher volume of sample, the keywords are easier to
retrieve but the process of n-grams splitting, and counting will
take a long time.

Moreover, the sampled pages must be diverse enough to
make sure that the retrieved Trend Keyword is not keyword
specific to a category of page.

In this work, we selected 10 sample pages from different
categories which are news, brand, business, and organization.

V. BASELINE METHODOLOGY
In social media platform such as Facebook, hashtag is a
way to represent the subject of each post. Therefore, we chose
hashtag as the baseline for keyword finding method

A. Finding Hashtags from Each Facebook Page
On the day of interest, hashtags of each post of the page are
retrieved. These extracted hashtags are the equivalent of page
Local Keywords of our algorithm.

B. Finding Global Keyword from Hashtags
The Local Keywords retrieved from hashtags can be
considered as Global Keywords if they appeared on 2 or more
pages.
C. Finding Trend Keyword from Global Keyword

We use same methodology, the Global Keywords that same
appeared in range of 1-10 days ago are Trend Keywords.

VI, RESULT DISCUSSIONS

In the experiment, we sampled 10 Facebooks pages,
namely Checkbait, Brandbuffet, Investerest, Kapookdotcom,
Longtunman,  Pantipdotcom,  Thairath, Thematterco,
Themomentumco, and Underbedstar. Posts are collected from
2018/01/01 to 2018/07/07. We focus on the event and
keyword trend of Thailand Cave Rescue event from
2018/06/28 to 2018/07/02.

We use human to classify the obtained result into different
categories of true Trend Keywords, true stop words, and
ambiguous words which cannot be clearly classified.

A. Stop Words
From our algorithm, we built a stop words list using posts
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from 2018/06/01 to 2018/07/02. The list contains 167 words
as shown in Fig. 7.

ity o e Aums & inwmla e oy
#aons AN wnilan at Jawr M vl sy
tulan A ot nuly fmma wify idl e
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Fig. 7. Result of stop words list. Trend Keywords that were misidentified as
stop words are highlighted in red.

The result shown that the list has a precision of 97.6% and
left 2.4% as false discovery rate such as “Uszmelne- (Thailand)
and “mmamiie” (South Korea) which should be considered as

Trend Keywords.
In addition, we gathered more stop words to improve our
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algorithm precision. The stop words list was gathered from
2018/05/01 to 2018/07/02 which extend to 229 words. As
shown in Fig. 8, misidentified words remain the same.

Ly Tagdu nnau oy wil muoly s and
iy wansal iy ey Wl ation “uff oo
“aem vhn i i 2nnvs Anu Yoya e
unm s samn win soomt el W uatha
hadaort [ ann A an e ol il
afho e wit uhin i wday Tulan uan
e wiledsamu  wlon Ay Tuns wlou ol
e frmie it iafu  dmm wiou oy
“ums Wbl lwiawdau nidae Adu nld doust ummL
won o daenms nouil A Al winu iabit
iy wiu  ewnasd  Hudas e sana mand Y
fins  dsmwelve  neodu dao win amm whas wand
ol wdo alu Tudszna it il wiu biin
il iisiae unfoly  wawn wah athls s aths
L andu wila LI huu Towony "oty nm
s wien oo nilou el waula  dwea e
‘awa #n athovlt low dlammn  nsaevu ol i
abndn e doeu  Tesenws W e untls \un
v wonda  mwin dun wlmna il W danm
s o o ey s Aol annsn ady
s =y a0t nulé uay dwiy s ailun
afaa wan flaym Sun Fuf ey o whla
i wadwls Ao las wils asnumant #idan g
8133 weweu  oonw 16ty dnys i Austhe  wiudas
ola Wz i ua ) dou afenm ot
wios yifu il fums wéa dolal oo
Aude  mowa wywy e Ay Han Armm waf
wols  mhomaw wudy ndu  womlmds e W e
16 drznal wit Ao o

Fig. 8. Result of 2-months generated stop words list.

B. Trend Keywords

Fig. 9 shows Trend Keywords from baseline method, Fig
10 shows Trend Keywords from our algorithm classified by
generated stop words from 1-month data, and Fig 11 shows
Trend Keywords from our algorithm classified by generated
stop words from 2-months data. True Trend Keywords are
highlighted in red, true stop words are highlighted in blue, and
the words in black are ambiguous words.

Date Trend Keywords
20180628| e W Tudmans  Bavew W Tind s o
dmaze 13l it il wie winh
20180629 o W wh ahndui
1t wph T wilalu
anmnassind dvas [T,
e
L wm
Minn L)
20180630
2018-07-01 ¥ i
i n ndmin
won wiwadg Tudwans
Sy W ndad
2018-07-02 it ke drans
i o W o
shanap) facd it im wd wmasaiins e
Fig. 10. The result of our algorithm classified by 1-month generated stop
words list.
Date Trend Keywords
20180628| owh wanen Tudmms | Bownes W loBedwan il o
e e il il w0 gl Suilz
20180620 Woomrw ] Vanap nduy wioay
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Wow Timbnd wa e awn wu fun
L fiowou A many nduin il
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dwane o -
il 1IN e usouf ine
2018-06-30 g daawds
2018-07-01 = ¥ Tmans o w Tasmhnduim s
il gy sene g uaft ndwndm
Syl s e
2018-07-02 ) e Twar
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Sy il it 1iNed wadaiduene 138
Fig. 11. The result of our algorithm classified by 2-months generated stop
words list.

The precision of baseline is 100%, which mean that all
keywords extracted using baseline method are Trend
Keywords. However, a lot of keywords are missed and cannot
be found by this method.

Our algorithm can extract a larger list of keywords, but it
still contains stop words and some of the keywords can also be
considered as just Local Keywords. As the result, our
algorithm gave a precision of 40% with 1-month data.
Consecutively, the precision is shown up to 44% with
2-months data, and the result can be more accurate depends
on size of stop words list.

VII. LIMITATION AND FUTURE WORK

A. Cleaning Noise from Character n-Grams
Algorithm suggested in this work, sometimes, produce
keyword character with noise. The example of noise is given
inFig. 12. Some keywords obtained are not a complete word
or contain extra character.

Date Trend K s
2018-06-28 | diwane oty et w
2018-06-20 | dwans
20180630 | dwase s
2018-07-01 | dhwane
2018-07-07 | dwans 13fheeinssan wiisnhadunin Al

Fig. 9. The result of baseline algorithm.

593

Message Keyword with noise
HNYIULAA
[CE BITTRE auuaa
wnlasuuaa
Word Tokenized Messag Keyword

Wi "oy uas

Wy uay uaa uaa

[STh) aau uaa

Fig. 12. Example of noise from Character n-Grams.

The issue may be fixed with spell-correction algorithm of
Thai language.
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B. Getting Keyword Grams

In our work, we used K-Means Clustering as the main
method to identity Keyword Grams, however there is still
room for improvement.

The difficult point is that the frequency of keyword
appearing is vary in ecach page, so the conventional
thresholding method to determine keyword is not suitable.
New solution is needed.

C. Validation Method

The problem of validation method in this work is the
insufficiency of robustness, since we use human validation to
classify the output of the algorithm because we cannot find a
standard testing set to evaluate our algorithm.

VIII. CONCLUSION

In this work, we propose an algorithm which use Character
n-Grams to extract keywords and stop words without using
word tokenization or other training data set and corpus.
However, the limitation of the proposed algorithm is the noise
which is mistakenly identified as keyword. Moreover, the
precision of the result depends heavily on generated stop
words list, which mean if we can improve the stop words list,
the precision of the algorithm can also be improved.
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