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ABSTRACT

Nowadays, the educational institutions emphasize the evaluation of the teaching performance of teachers. In
addition to direct assessments, indirect assessments were conducted by surveying the satisfaction of learners using
questionnaires. The analysis of closed-ended question data in the questionnaire can be easily done. But open-ended
questions can be difficult, complex and may not be accurate due to bias from the data analyst. In this study, the sentiment
analysis was used to analyze 1,577 comments classified to satisfaction polarity and compare the efficiency of
classification by using ensemble techniques such as Vote, Bagging and Random Forest with standard techniques such

as Decision Tree, Naive Bayes and K-NN. The results showed that the Vote ensemble technique was the most effective.
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ANATATFANTIUUNLIUD Vote ensemble, Bagging 1182 Random Forest laWafndn15197 2 wudmuuiasig
a an a0 Y ' 1 o J =2
91NIMALUAIT Vote UAIANYNADY 89.06% AIAIINUUNUET 90.01% AINIIUTEAN 89.06% F-measure 89.53%
Amuuad199nimaiaig Bagging HA1A11YNA0 86.35% A1ANULLUET 86.47% AIANIZAN 86.35%

F-measure 86.41% LagAMULNA319910MANAITS Random Forest HAINNYNADI 79.95% AMMLIUET 81.29%
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MmN 2 wamsnadevlszaAnsnmmsswundoyasou 2

Algorithm Accuracy (%) Precision (%) Recall (%) F-measure (%)
Vote 89.06 90.01 89.06 89.53
Bagging 86.35 86.47 86.35 86.41
Random Forest 79.95 81.29 79.96 80.62

Algorithm AUC

— Vote 0.89

Bagging 0.86

— Random Forest 0.80

a4 usugil ROC nf5outlszantmmuesduuumssuundeyalunmsnadeusoud 2
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1nAga (AUC = 0.89) sosasnniludunsvvesduuuiadnnnmnaiinis Bagging (AUC = 0.86) tagidunsm

YOIR MV UNAT1991AMATIAID Random Forest (AUC=0.80) ARl
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A A a a Y A Y Aa aa g’/ as Y A v
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a ax . (g Ay a ad . (3 Ay a ad @ Ay
INATIAIT Bagging ALUNA319910MANATT Decision Tree AIVUNA3199INMANATS K-NN az@nunaing
9INMATAITS Random Forest ANA1AY HAA9318A2ID8AANITINN 3 waguwugil ROC Tunwi 5
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U

= 9 ] = L. a v A A o ~ I ° 9 ° Y o
“]Nﬁﬁ']\i"]qfﬂ‘ll@llap\lﬂ (trammg set) "]jﬂlﬂfl')ﬂHVI!WN@HﬂuNTﬂﬂq@N]ﬁEﬂ!ﬂHWﬁﬂ'lﬁi]']iluﬂ"’ll@yﬁ VI'IQI,WW'JLL‘]J‘U

f?mi”‘uii’mum’famﬁmmwmﬂwaw AIDUNAY

U a
]

d Ao o Ay a aa = 9 A a A a '
H_]‘LWIu?ﬁﬂmﬁ'JW]'J!HJII“VIZT?TQ%TﬂWIﬂHﬂ'Jﬁ K-NN ﬂ\‘iLlll'ﬂﬂ5$'ﬁ1/l‘flﬂTWIﬂfJﬁ'JllLllE]W"lﬂimﬁﬂﬂﬂTﬂ'ﬂll

9nABY AINIWITZAN F-measure Haz AUC aziitlszaninmegludaui s ualinnuududiganidnuunadis



13530 1. @Tududindnw) Ui 20 altiufl 4: naneu-Sunnay 2563 147
KKU Research Journal (Graduate Studies) Vol. 20 No. 4: October-December 2020

a A .. o w 1 .. I~ U o
IMNANAID Decision Tree TUAIAUTN 4 (K-NN 85.27% 1az Decision Tree 84.40%) t1aad 1vwiua1n1ssuun
AoyanIemMAtAISHDY K-NN Jaanwuinnii

dennsuunugill ROC Tuand s vziulddnuniiadiennmaiinids vote uonainazil
A a ad Y o v A a v a y & 9 "o A 3 A A
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9 2 a a @ g a 9 YA [
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d' = a a o Y
M1319N 3 WﬁfﬂillﬁiEJUL‘VIEJ‘]J‘]Jﬁ%ﬁ'V]‘ﬁﬂ'lWﬂ'lﬁ]'lLluﬂﬂJﬂlJua

Rank  Algorithm Accuracy Precision Recall F-measure AUC
(%) (%) (%) (%)
1 Vote 89.06 90.01 89.06 89.53 0.89
2 Naive Bayes 86.88 86.99 86.89 86.94 0.87
3 Bagging 86.35 86.47 86.35 86.41 0.86
4 Decision Tree 83.56 84.40 83.55 83.97 0.84
5 K-NN 81.24 85.27 81.25 83.21 0.81
6 Random Forest 79.95 81.29 79.96 80.62 0.80

a5 usugil ROC nf5outlszantmmuesdnuunssumnyoya

<3 o T a @ a <3
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