a ¢ a © 1 A A v AaAY ~ v
NIFAAIIEHAMNNAALKRUADLNNNDNDNUIAIYLHKANDIVAAINN
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Abstract

Text mining is one of the most effective data analysis processes using alphabetic methods. Currently, text mining
techniques are classified in a variety of ways. This research aims to find the most effective of 5 techniques that were
Naive Bayes, Support Vector Machine (SVM), K-Nearest Neighbor C4.5, and Random Forest. The data collected, in
total of 3,798 messages, were all made by the viewers. The categorization process divided the data into 2 groups:
positive character and negative character. Interestingly, the process has only indicated selection of adverbs and slangs
as a core division to produce positive and negative characters. After analyzing the data, two problems were found class
imbalanced. SMOTE were used for filtering and to increase the minority class. 10-fold cross validation was applied to
segment the data into training and testing sets. Moreover, precision recall and accuracy are used as the criteria for
selecting the most effective model. The results showed that the K-Nearest Neighbor produced greatest accuracy in

categorizing the messages with a precision of 99.75% recall of 100% and accuracy score of 99.87%.
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2 Y A3nn et aniilnaa

3 ﬁ;(ﬂﬂaﬂ LN L méﬂ

4 ifahi] nIzan

5 aun i @ wnu 8a Audha Tald

3) MILRANAILIT RRIINNHIBNITAAAIUA
ﬁﬁ@ﬁwﬂquETm:"L@Tﬁ']ﬁwmﬁ‘i'lmu 1,212 61 NUH

'ea:ﬁnﬁmeiazﬁﬂmlﬁﬂi:m‘mmﬁmmwrﬂmu‘,mu Taglt

Wﬁ)m‘@mu'ﬁLﬁﬂmaﬁﬂﬁaﬁmwmﬁmﬁmuamu FINWUN
1ot NECTEC @9uaadbis Table 4

]
a

MNBULFNATAR LaziRonAIFLAINS

o & oA € q/gﬁ o

aNnunugreIdnduddiasal azldninua 208 @0

wirinsudsdti o minsuzeananlasdifuimgy

a:"L@Tﬁﬂﬂja%'qmé’nmmu%ammﬁmu 70 @1 @1uU9%
L

Qmé‘nwmu%damﬁﬁmu 57 M LLa:ﬁwﬁ"L&Jmmmﬁﬂwmz
latass1uin 81 én

4) 33 mssediunuenas a:l53Emaindny T
ﬂmanwmﬂumﬂnauamLsmﬂmwammiuummnmm
msmmumaqmuuﬂ MNERISIAE I wINAN LAV
faNEINNLABSAILNULENES LLazmmwvl,sJﬂﬁﬂg
vwangsazlanie o mnifuﬁm“ﬁmummﬁmaamqm
dnsuzlundazgmuansmzirfiswiwrinla \Rasindn
m’mﬁlumﬂ%ﬁwaaLwia:qmé'nwm:mﬁﬁmﬂﬂ%mu
Wounulas

1. IUANUDVBIUANHULANUAALAY
L%dmnmnﬂ'jﬁmwﬁmaaqmé’nwm:ﬁmulﬁﬁathmu
WuANUALARTILINLN WAL P

2. 1WUANUAVIAUANBULANUAALAL
L%daumnﬂ'jﬁmmﬁmaaqmé’nﬂmu‘?jamﬂlﬁﬁathmu
W @UAGLATIAY wnuaas N

3. IWUANUAVIAUANBULANUAALAL
L%ammm:mmﬁmaaqmé’nﬂmu%dauLmﬁ'ﬂﬁé’mﬂs
A AnuAaAmIuNaN wnuale B
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Table 5 Examples of defined a class

Rows [@uwig| & |Huin| 1 | ofud laiviu| P N | Class
1 0 1 0 0 1 0 3 1
2 0 0 0 0 0 0 1 3
3 0 0 0 0 0 0 1 1| 8 |
4 0 1 0 0 0 0 2 1
5 0 1 0 1 1 0 2 1
6 1 2 0 0 0 0 4 2
7 0 0 0 0 0 0 1 1 B
8 0 1 0 0 0 0 1 1 B
9 0 0 1 0 0 1 2 4
10 | o 0 2 0 0 0 2 1

T@mnaamwm‘*gmayamﬂuﬂma P uaz N §93
FAIUINNIRUA 1,875 ﬁaga wistduaas P 314w 1,576
Toya uazaad N 91wa% 299 Tays

5) U%fummvl,a\iauqmaﬁaya IRHERDENVEE

v 2

ToyadipdtFanzitoyalnd (SMOTE) Faduitnns

'
Aa

L‘wammaﬁﬁﬂa;uﬁaﬂlﬁLﬁumﬂ"ﬁmﬁalﬁﬂﬁLﬁmvﬁa
WnAAUENAANE %é’amnmiﬂ%'ummamgml,ﬁaflﬁwmu
ﬁaymﬁlwﬁu 1,277 gadaya é’a&m:ﬁa‘hu’mﬁagaﬁv’aéu
fawMIFNILUUIRI W 3,152 Toys lasusadn
AR P 91w 1,576 ﬂgﬂ‘*ﬁagaua:ﬂma N 911% 1,576

TATANA
q U

3. M3 WULUIRD9

wisnitldldiadasiiadalysunsu RapidMiner
Studio 11855 9.6.0 uAzEILULIRaITIBINATiA Naive
Bayes L1na#a Support Vector Machine tnaia K-Nearest
Neighbor inafiadulddagula c4.5 uazinafia Random
Forest #ldamniitae Suasudazuuusnass lay Naive
Bayes Lifinnfiees Support Vector Machine i
wiiaas kernel=polynomial, degree=1.0, C=0.0
K-Nearest Neighbor §iW1515itaas K=3 dulddasula c4.5
W83 maximal depth=40 18z Random Forest
Iw1feas number of trees=100, maximal depth=40

h b
* -
= 5 g

Figure 1 Modeling on RapidMiner Studio

J Sci Technol MSU

4. n1310U3z&NSNINVDILULINADY

lumsdifiunavasuuuinass lednmslsinadia
M3IaUIEENTAWULL 10-Fold cross validation lagiiy4
panilusionua 10 ngu ﬁv’dﬁﬁ]:umnejwﬁagmﬁalﬁﬂu
Toyanaoy (Test data) 1 70 LLa:ﬁLwﬁaa:Lﬂuﬁagaﬂﬂ
(Training data) %aﬁ@Lilué'@m“ﬁagamaauﬁaﬂ%mmﬁaga
fin Aawdludaniasas 10:90 FeenilslumyTadssansam
yaduvudtaaslaund d1aa1uusingn (Precision)
Ao mydannumansalumsfiazaiaenasi lifisades
sanlulasfidnanuuingrinezduiansimassnuimn
Laﬂﬁ’]‘i“?iLﬁlEl’)“]TE]dLLazvlﬁﬁﬂ’]iQﬂadaaﬂuﬁ Walfguiu
ﬁﬁmmaﬂmsﬁgﬂﬁaaanwwﬁa%m AANTEAN (Recall)
Ao nsTaennuswisnvesszuulunisdsienalsi
\Asadasaanun Tapaanussanineslsdamaiwuas
ﬁhmmaﬂmiﬁtﬁ'mﬁaauazvl,@i”ﬁmigﬂﬁaaaﬂm WUy
$1MInLaNEINLADIToININUA LATAIANYNABY
(Accuracy) fia n3TanaINNaaWEVRINIToUI UMY
wengudiadsgalnadlaagnigndas laad Confusion
Matrix 619 Table 6

Table 6 Confusion Matrix
Actual Class
Class
Negative Positive
Negative TN FP
Prediction Class
Positive FN TP

LRTRINITOAIWINBIAGIRNNNTA 3, 4 WAL 5
ANRAL

precision — 17

recision = W (3)
TP

= 4

Recall TP+ FN 4)

TP+ TN 5)

A =
Y = TP fFP+ TN + FN

lag

TP @8 a"wmuiauaﬁgﬂﬁdaaﬂmamagﬂﬁm

U

TN fa I wIudanai ﬂGTaaLL@ivl,&ignﬁaaanm

=3

FP fla Swiudanafmianaiaianadasnin

U U

=
=D

FN Aa 3nuutaya

U

@wm@l,wi"l&igﬂﬁaaaﬂm
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0'1%"3%muvL@TﬁwmﬁLﬂm:ﬁmmﬁmﬁmaaﬁ
Wufiddoinudafodus Tassinefinvasnisrnnies
Faanuulflumyiiensinemua 5 meda ldun nadia
Naive Bayes Lna#a Support Vector Machine tnaiia
K-Nearest Neighbor uazinafindulidafula c4.5 tu
mslEuldsunsy RapidMiner Studio 1a$tu 9.6.0 lag
°iTaEJIaﬁlﬂmmﬁ%’miﬁmamwmn Google Play ¢aud
Sudi 1-15 qwmﬁuﬁ 2562 91124 3,798 TaTBYA Sanas
PMAIWNILLIUNTAN 9 LLﬁ'Jﬁ]:mﬁa*’g@iayaﬁL@%ymﬁw;j
Tuiaaria 5 $192% 1,875 q@ﬁaga udaduwaaa P 3wn
1,576 Taya wazaaa N 91u2% 299 Taya Fsramosnana
flenulisugatiuvasdays andgymidingd §3deisld
#195N13 SMOTE"™ 6’1’%@Lﬂu"‘s%mﬂummﬁﬁrgm“ﬁaga
liauqa (Imbalanced data) FEmsiilumsiuaaaid
ﬂéjuﬁaﬂﬁLﬁM'}ﬂ%MﬁﬂIﬁIﬂﬁLﬁuqﬁuﬁuﬁﬂﬂma T
3%'&%1:@}11Lﬁuq@ﬁagamaaﬂmm‘hmuﬁaﬂ URZAINULY
aevauinaia Naive Bayes tnalia Support Vector
Machine 1na#ia K-Nearest Neighbor tnafinauldidadu
la c4.5 uazinafia Random Forest laglt 10-Fold Cross
Validation TunisutsngudoyaiiluradoyniFoui uaz
gadayanasey waziadidnFawsesuuuinassdis
AauLdKET AausEan LLaz@hmmgn@Taa

Precision
100
%0
-
C
g 80
Q
a
70
60
MNaive
SVM | K-NN | C45 RF
Bayes
H Original 97.78 9911 9943 9803 9854
B Original+4SMOTE 9829 9937 9975 9822 9956

Figure 2 Comparison of precision

27N Figure 2 a:Lﬁuvl,ﬁdmﬁwmﬂ%'ummauqa
Vasayacy SMOTE U2 nﬂmﬂﬁﬂﬁmmwuﬂuﬂ’nﬁu
2 laglawzinadia K-Nearest Neighbor &aina13uaiwen
§IA 99.75% 7098901ABLNALA Random Forest 99.56%
aNunaanaita Support Vector Machine 99.37% @
fMeinadia Naive Bayes 98.29% uazinafinau ldidadula
C4.5 99.22% NSO

Opinion analysis on PlayerUnknown's Battlegrounds (PUBG)

mobile games using text mining

Recall
100
S0
-
C
ﬂ 80
@
o
70
60
Nafve
SWVM K-MN cas RF
Bayes
H Original 9885 | 9943 | 9918 9650 9923
B8 Original+SMOTE | 99.74 100 100 9822 | 9949

Figure 3 Comparison of recall

97N Figure 3 aztAnldimasandivanuaugs
2847838028 SMOTE U2 nﬂLﬂﬂﬁﬂﬁmmwmzﬁﬂLﬁw
I Taslawzinaia Support Vector Machine Wazlnaka
K-Nearest Neighbor ﬁﬁﬂmwm:ﬁﬂguq@mﬂﬁu 100%
Jadadanfiainaiia Naive Bayes 99.74% au@ainadia
Random Forest 99.49% uazinafiadulidasula c4.5
98.22% @URGL

Accuracy
100
95
90
» 85
c
g 80
L
o 75
70
65
60
Naive
SVM K-MN cas RF
Bayes
H Original 9717 9877 9883 9536 9813
8 Original+SMOTE  99.02  99.68 9987 9822 9952

Figure 4 Comparison of accuracy

N Figure 4 ugasnailIsuifisudianugn
Fasu09 5 madiafithanlFlumsssuuuiiess Uszneu
aa8Lnaia Naive Bayes 1nafia Support Vector Machine
inafia K-Nearest Neighbor tnafiadu lddagula C4.5 uaz
wata Random Forest 9NNANIINARBIWLINNAIIN
dFuamnuanqaasdayadis SMOTE uan Nninadiaiien
mmgﬂﬁawamumﬁmaql,ﬂ'u%u lasnafia K-Nearest
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Neighbor fNANNYNABIEIER 99.87% T89asanAainaiia
Support Vector Machine 99.68% @18N1Q28LNA%A
Random Forest 99.52% @1u@28tnaka Naive Bayes
99.02% uazinafindulidadula C4.5 98.22% aud1au

Table 7  Confusion Matrix for Non-SMOTE
Model TP FP TN FN
Naive Bayes 1541 35 281 18
SVM 1562 14 290 299
K-NN 1567 9 286 13
C4.5 1545 31 243 56
Random Forest 1553 23 287 12
Table 8  Confusion Matrix for SMOTE
Model TP FP TN FN
Naive Bayes 1549 27 15672 4
SVM 1566 10 1576 0
K-NN 1572 4 1576 0
C4.5 1548 28 1548 28
Random Forest 1569 7 1568 8
o rsotuazayy
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