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Abstract

In universities, the management of teaching and learning plays a crucial role in student learning. Gathering student
feedback is important for improving the quality of teaching and learning, allowing instructors to adjust teaching methods,
content, or activities to better suit students. In courses with a large number of students, summarizing all feedback for
the purpose of improving teaching can be time-consuming. Therefore, this research aims to develop a model for
analyzing student opinions on teaching and learning management using data mining techniques. The research
methodology is divided into five steps: 1) Data collection of 3,000 student feedback messages. 2) Data preparation

by filtering messages and performing word segmentation, along with selecting key terms using the TF-IDF technique.
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using data mining techniques

3) Modeling to compare the performance of four algorithms: Support Vector Machine (SVM), K-Nearest Neighbors
(K-NN), Naive Bayes, and Random Forest for classifying positive and negative opinions and categorizing feedback
on various aspects such as instructors, course content, and learning support resources. 4) Model performance evaluation
using accuracy, precision, recall, and F1-score, and 5) Model application. The research findings indicate that the SVM
algorithm has the highest performance in classifying positive and negative opinions, with average values of accuracy,
precision, recall, and F1-score at 97.00%, 97.10%, 97.40%, and 97.30%, respectively. For categorizing feedback on
various aspects, the KNN algorithm demonstrated the best performance, with average values of accuracy, precision,
recall, and F1-score at 91.00%, 91.60%, 91.00%, and 91.10, respectively. The developed model has been deployed

as a web application to analyze student feedback, effectively enhancing the quality of teaching and learning management.
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Figure 1 Example Support Vector Machine’s Decision

Plane
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Table 1 Confusion matrix

Predict class

actual class class=Yes class=No
class=Yes TP FN
class=No FP TN
TP+ TN
Accuracy = (5)

TP+ FP+ TN+ FN
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Figure 2 Research Process
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Table 2 Example of comment (CSV file)

No. Comment
1 NN sHREUGNINLEEATY / mawdn b
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Table 3 Example of comments after deleting special

character

original sentence The last sentence deletes the special

characters

Nui1819 TR UANN | HuTNBTTREUAIN N EATUFaMTN LA E
woasy / sewidhladng

apnnlimAnluginves | spnlitwnlusinvesdomsliuinning
Fm3ldunn | ai

apnnlwmiAnluginves | spnliinnlusinvesiomsliuinning

M TAanning +++




Vol 45. No 1, January - February 2026

2.2 MIPAAUAZTNIAAINEA (Stop Words
Removal) %é’amﬂmsﬂsadﬁagmﬁaéu iagaa:"lﬁ%fums
é’@ﬂ”’]LLazrh%'@ﬁ'mq@‘[ml"ﬁm%adﬁalu Visual Studio
Code Lmﬂwga PyThaiNLP &% 3UN3Use8iananiIe
Ingy egsnasniannizuIwmMsiazuaasly Table 4
ez Table 5

Table 4 Examples of words segmentation

No. Review

1 Na 31 819138 ®a% & 17N 1ae a3y saw 1hle e
2 oenn 1 i Tu daw vas Smms W ann nin 4
3 adnsol akuauw Sow lid wd ann

Table 5 Examples of stop words remove

No. Review

6 a R 1
1 271178 71 & ;eu w1l e
2 281N LN AN

6 o a =) '
3 atnsol aduauw Gow Lid ue

2.3 m3AanamsmaSanunang #asen
MIAAAUAEINAAA AL AUN a=ldnTinanTIwI 1,254
N mnﬁmmﬁwﬁﬂLL@iaz@hm%’@ﬂimmwwwwgmu
I@]ﬂslfﬁwam%mwﬁLﬁnmaﬁﬂﬁaﬁ’mwmﬁmeﬁmslamw,l,a:
WIWUNINVEI NECTEC éTaasi’mnizmumsﬁa:gml,am
lu Table 6

Table 6 Examples of words types

Rows Word Type Notice
1 a13d n CRITSFY
2 aun adv Al
3 BaU v ANNTEN
a ° Aa €
4 4@ adv MIeal
5 qO v an3en

24 mﬁ@mjwﬁmo%@!mﬁnwm wagN e
1,254 e ludo 2.3 udr A mEHI RN TEAR
WRudy wuideiAeaTesiy mstamsBeumssan
$1% 295 1 GefalduenATanunInglaNIzaIUaS
FOAARDINULIUNYDINUITE ﬁwmmﬁgﬂmwaamm:
é‘fﬂnﬁjul@UQL‘T%mmruﬁmmmvlwmi’wmu 4 v 1leda
%mwg@i’ﬂﬂo%ﬁ;m&nﬁmﬁ:muu’%uwaamﬂ‘%ﬂunﬁaau
Iﬂmmansjwﬁ%ﬂué’aﬁ

Analyzing students’ opinions on teaching and learning management

using data mining techniques

- ﬁwﬂa%qmé’nmmu%amn I 59 AN
- ﬁwﬂa%qmé’nmmu%mu IUI% 55 AN
- ﬁwﬂa%ﬁmmmsﬁﬁaau A% 43 AN
- AT W e M TIEAT 31w 51 M
- @i’ﬁﬂa%ﬁm’éaaﬁum&un'ﬁﬁwi W 47 A1
- ﬁwﬁvlajﬂa%@qmé'ﬂwmz IUIN 40 M
qm%%’af:ﬁwmsﬁﬂ@i”]ﬁvlajmmsnﬂd%qmﬁnwmz
Ieaanauin 40 an mﬁmﬁ'm@f’mﬁmmsnﬁa%@mé’numz
AW 255 A1
2.5 ADNIRTNAILNBLONETT
aSeilEA%s TF-IDF (Term Frequency-
Inverse Document Frequency) Lﬁaa%anﬂma%ﬁa [187)78
Lonans lagiuanuivasitatudazenluensns 9Nt
Awamk TF-IDF wazunueneni ldsnglwanaseasdi o
251 mswSsufisuanuivasess
HRamrwaUTANANNAAAWEILIN uaztFay T3
axiBuag9il
fanuivesrLsinnuAaLfin
EIUINUINNINaNuaveseLsianuAaiudiay T
A uanuAafiuBiuin (Pos) fhanuiveseies
ANURALRWEIAUINNNIN ANV ATIRN LT AN UAALT
B9uan Waaaduanufaiuidiay (Neg) ot iuaas
s Table 7

Table 7 Examples of TF-IDF results with Class Pos or Neg

Easy to
Rows  Boring understaand Like Angry Class
1 0 0 0 0.066 Neg
2 0 0.211 0.102  0.079 Pos
3 0 0.181 0 0 Pos
4 0 0.090 0.020  0.099 Pos
5 0.249 0 0.046 0 Neg
6 0 0 0.033  0.082 Neg
7 0 0.158 0 0 Neg
8 0.057 0.974 0.044 0 Pos
9 0.083 0 0 0 Neg
10 0 0.140 0.092 0 Pos

Nl Table 7 MNANVAALRUNIANAIIUIN
3,000 9aa% wUduaa® Pos 3wIn 1,292 sxidan
(record) wazutistdunaia Neg 3w 962 szidaw 1w
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flisanInszyld fauimn 746 subou gnaaean
252 madIsuisuainuiivesniud
Wi

ke

MrwalIziNNaNUAALALA
a’miﬁﬁaau Fwitaw e LLaz@T’mﬁaaﬁuagumi
Souy fioaziduadit

fanuivasetsdsuenansd
;jaaumnn’hﬁnmﬁammﬂ%’]LLa:@T’mémﬁumunﬁ
Foui Wanaduanudadudiuaransdyaeu (Class A)
fhamnuiaesmusdawitemmeimunninduatanss
;jaamm:ﬁmﬁaaﬁumgumsﬁﬂui Iaasduanuda
\Fusuiitornsnedm (Class B) fanuAvoIeLEeL
'E%'aaﬁfumgumn’%mfmﬂﬂ’h@T’mawmiﬁgaammzﬁm
o Teim lﬁﬂmmﬂummﬁ@Lﬁuﬁwuﬁaaﬁumunﬁ

i3uu§ (Class C) dmatsuaailu Table 8

Table 8 Examples of TF-IDF results with Class A, B, and C

Rows Teach Teacher Classroom Content Class
1 0 0 0 0.043 B
2 0 0 0.024 0 C
3 0.041 0.032 0 0 A
4 0 0 0.213 0 C
5 0.011 0 0 0.020 B
6 0.024 0.034 0 0 A
7 0.042 0 0 0.046 B
8 0.066 0.039 0 0 A
9 0 0 0.341 0 C
10 0 0.252 0 0.035 A

9nlu Table 8 IMNANMVAALAUNIAUATININ
3,000 Taanu wtaduaans A Ja1waw 841 sziaw aana
B 971 819 s21aw uazaans C A3win 594 vx1faw
Toyavnlu Table 7 uaz Table 8 Az l1Flunsas
wwuinaasdienzienufaiuazgniufindulng .csv
losutaduzad g Vlvxlﬁ?ﬂ%ém%’mzqﬂma Pos / Neg
LL&ﬂWﬁﬁl"ﬁﬁ’]ﬁmzqﬁmmd 9 619 Figure 3
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Figure 3 File CSV which will be used for building

a sentiment analysis model

3. MIEWULUIIADI (Model Development)
misauuuitaedlunudsvitldieiasdade
1dsunsu Visual Studio Code wazm s M Idsulysunsa
Python TagfieaziBoassit adsuuninasSuufioy
UsznSnnaesaanaifniu SVM, KNN, Naive Bayes Laz
Random Forest #1%IUMISIUUNANUAALABLIEILINULAS
L9 wazsuunANNAAARlIRELE19 9 laginaia SVM
axfinsUsudmnndimesifarind s Ansnwaanuy
$1809 lagimuadwndiaaiesit an C: invuasaaud
500, 1000 U8z 1500 A1 Kernel: 1A Linear nudsuilidonld
Kernel @8 Linear Lﬁaaﬁnnmm:ﬁ'wﬁagaﬁl‘ﬁmuﬁmm
FUNUTITLEW wazladasnsanugudauiinldlung
wenULotoya §MIUMIENSLULIIRadEInaiia KNN
finsdsuainadayareunslinulasld StandardScaler
fnsUsummndiaesasit an K Sadlusrunasion
thuilglunsaaduls szmnuadlif 3, 4 uas 5 §msu
ns1den Weight 289 K-NN $1u3suiilden Distance
Weight Lﬁaomml”agasl,uu@ia:ﬂmaﬁﬁ‘hmmmﬂ@mﬁu
M3l Distance Weight ﬁmhﬂlﬁﬁgﬂ“ﬁagaﬁlﬂﬁﬁmﬁuﬁ
Sniwalumsrnunsundu Seaztrouanuuainglu
MIWUNANUAAABLULARZARE FIUVBINTRIIULY
$1804 Naive Bayes 1luiaa MultinomialNB §niuzaya
Puwndszinn wazmIsaLuUIaasnasnaia Random
Forest lfmyasenmmiiaad sruwausulal (n_estimators)
fMUAAITA 100, 200 U8 300 anuingegavasdulal
(max_depth) Fnualdensalugd lunszurumsiazdins
NAFAUAINITIALABIANI 9 Lﬁammﬁmm:auﬁq@
fnTunmIsLuudnaadudazinadia wazidouinay
UrzAntawaesudaziuudtaeslumaiienzianuda
LA
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4. MInUIzENSAINVBIULLINADY (Model
Performance Evaluation)
ﬂ']ﬁﬁ“]’ﬂﬁl"ﬁ‘%‘%ﬂ’m,lmﬁagaLLm_l Split Tasdl
msutigedayseaniiu 2 #u Ae Tayainaaw (Training)
90% hialElunsaronuusiaas uazdayaganasay
(Testing) 10% lasfimstadsz@nsnwaasuuuingas 4

¢ e accuracy, precision, recall Lz F1-score

5. miﬂizigmﬁﬂ% WUUI1a 09 (Model Application)
myisuessilldinuuusaasilienyssansnmw
ﬁﬁﬁq@vlﬂﬁ@um \wSuuatwatad ienagaunsldanm
LULsRasEnIUALe TR a A aLuTasinAnmTidse
mM3dansieun1Inenaia19138 laud3duld Visual

Studio Code Python Wai lsa I uuaUwaLadu

NaN13398
1. HANIIWAIBILLUIIABIIATIEHANNAR
Winvasin@nuniifinanmssanissownssenlaaly
wmakansrinmiiasdaya
mMTildasuuusiaasiouifiay
UszdnTninaesdanasfia SVM, KNN, Naive Bayes uas
Random Forest §1%3UN1I91UUNANNAALALTILINUES
398U uazdnTuunnanufaiuluaiudng lagain
Table 9 Toyaluasusadlfiiuwiuuuinaes svm 16
Uz ANTAWIUNIIUUNANNARULTILINLAZLEIAY
mnﬁq@ lapfdwiieas C = 1500 #¢1 accuracy
LYINNU 97.00% precision LYinAy 97.10%, recall
WU 97.40% WAz F1-score LYINAU 97.30% 310
Table 10 Tayaluasuaasliifiniuuuinaes KNN 16
dredintamnlunmsuunanudadnludiudas g lagdn
W1Aees K = 3 Wwaé’wfﬁﬁqﬂ laufien accuracy
WAL 91.00% precision WYL 91.60% recall L¥infu
91.00% uaz F1-score Winfiu 91.10% laanaanslu Table
9 1Laz Table 10 ¢ precision, recall, uaz F1-score Huen
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Table 9 Comparison of Positive and Negative Sentiment

Types
F1-
. Precision Recall Accuracy
Model Settings Score
(%) (%) (%)
(%)
C=500 95.40 95.30 95.20 95.10
SVM C=1000 93.60 98.40 95.40 95.40
C=1500 97.10 97.40 97.00 97.30
K=3 95.90 95.90 95.90 95.90
KNN K=4 94.80 94.50 94.50 94.60
K=5 94.70 94.50 94.50 94.50
Naive  MultinomialNB 76.30 58.80 58.80 46.40
Bayes
n_estimators = 93.00 92.90 92.90 92.90
100
Random n_estimators = 92.80 92.60 92.60 92.60
Forest 200
n_estimators = 92.30 92.20 92.20 92.10
300

Table 10 Comparison of the Types of Feedback on

Instructor, Course Content, and Learning Support

F1-
i Precision Recall Accuracy
Model Settings score
(%) (%) (%)

(%)
C=500 90.10 89.90 89.90 89.90
SVM  C=1000 90.10 89.90 89.90 89.90
C=1500 89.90 89.80 89.80 89.80
K=3 91.60 91.00 91.00 91.10
KNN K=4 90.00 89.50 89.50 88.20
K=5 89.60 89.10 89.10 89.30

Table 10 Comparison of the Types of Feedback on
Instructor, Course Content, and Learning Support

(continue)
Naive Multinomial 66.50 73.20 73.20 67.60
Bayes NB
n_estimators =100  81.20 81.10 81.10 80.90
T:i‘:: n_estimators=200 8140 8140 8140  81.20

n_estimators =300  81.80 81.80 81.80 81.60
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Figure 4 A screen where users can enter comments,

suggestions, or feedback
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Figure 5 Display the results of the analysis of student

feedback on teaching and learning management
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