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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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mobile games using text mining
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Table 2  Examples of words segmentation

No. Review
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4 TaY, 8y, uz, ud, nazqn, 14, wikaw

5 aun, LWaw, @, Az, u19f, unw, fu, iudn
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4 iahi] nIzan

5 aun i @ wno 8a Audha lald
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4) 33 mssedunuenas a=l53Emaindns T
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msmmumaqmuuﬂ MNERISIAE I wINANN AV
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527



528  Wossawat Inplang, Jaree Thongkam

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@m:mamwm‘*gmayamﬂuﬂma P uaz N Gl
FAIUINNIRNA 1,875 iaga wistduaas P 314w 1,576
Toya uazaad N 91m2% 299 Tays

5) U%fummvl,a\iauqmaﬁaya IRHERDENEE

v 2

ToyadiudtFanzitoyalnd (SMOTE) Faduitnis

'
Aa
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TATANA
q U

3. MIAWUVUIRD9

wisnitldldiadasiiadalysunsu RapidMiner
Studio 11855% 9.6.0 uAzEILULIRaITIBINATiA Naive
Bayes L[na#a Support Vector Machine tnaia K-Nearest
Neighbor inafiadulddagula c4.5 uazinafia Random
Forest #sldamfitae Suasudazuuusnass lay Naive
Bayes Lifinfieas Support Vector Machine §
wiiaas kernel=polynomial, degree=1.0, C=0.0
K-Nearest Neighbor §iW1515ita a3 K=3 dulddasula c4.5
W83 maximal depth=40 18z Random Forest
Iw1feas number of trees=100, maximal depth=40

Piiiig
A A a4l

Figure 1 Modeling on RapidMiner Studio

J Sci Technol MSU

4. n1310U3zENSNINVDILULINADY
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M3IaUseENTAWULL 10-Fold cross validation lagiiy4
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Matrix 619 Table 6

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

LRTRINITAAIWINBIAGIRNNNTA 3, 4 WaL 5
ANRAL

precision — 17
recision = W (3)
TP
= 4
Recall TP+ FN 4)
TP+ TN 5)

A =
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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%'ummau@ga
Vasiayacy SMOTE U2 nﬂmﬂﬁﬂﬁmmwmmuﬂ’nﬁu
2 laglawzinadia K-Nearest Neighbor &fna13uaiwen
§IFA 99.75% 098911ABLNATA Random Forest 99.56%
aNunaanaila Support Vector Machine 99.37% @
fMeinadia Naive Bayes 98.29% uazinafinau ldidadula
C4.5 99.22% aNS1AU

Opinion analysis on PlayerUnknown's Battlegrounds (PUBG)

mobile games using text mining
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Figure 3 Comparison of recall
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Figure 4 Comparison of accuracy
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Table 7  Confusion Matrix for Non-SMOTE
Model TP FP N 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 P FP N FN
Naive Bayes 1549 27 15672 4
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