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Abstract

The objectives of this research were 1) to study and analyze the knowledge
dissemination book system, 2) to develop a model for categorizing the text of
knowledge dissemination books, and 3) to evaluate a text classification model of the
knowledge dissemination books.

In this research, the knowledge book dataset that was an online e-journal
system from 2010 to 2020 was analyzed to classify a category of the knowledge
books with 948 keywords by using the development of modeling from 4 algorithms
that included decision tree algorithm,Naive Bayes algorithm, support vector machine
algorithm, and logistic regression algorithm. All algorithms used the knowledge
threshold feature selection to assess the performance of the algorithms. The test data
was divided into two parts that were training dataset and testing dataset.

The evaluation results revealed that 1) all algorithms could categorize
books into 4 categories that included strategic category, operational category, tactical
category, and other categories and 2) the developed model was developed by the
performance assessment from the four algorithms to categorize books and 3) each
algorithm found that the logistic regression algorithm and the support vector machine
algorithm had an accuracy of 0.87, the Naive Bayes algorithm had an accuracy of
0.85 and the decision tree algorithm had an accuracy of 0.82. For an optimal model, it
was the logistic regression algorithm that it took a time for processing less than the
support vector machine algorithm to categorize knowledge dissemination books
approximately 11.8 percent.

Keywords: Data Analysis, Categorization, Text Categorization
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aoun 1 msvszmuilszansnn ae Decision Tree

A1319% 4.1 M3dsziuilsz@nsaw dae Decision Tree

Recall F-Measure
Accuracy Precision ' '
Algorithm ' v , . AN NN
MANUGNABY  AMANNUNUEN - ,
szan 92990

Decision Tree 0.82 0.85 0.82 0.82
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~ Y I X a a A o 4 a
11013199 4.1 uaasldimudinmsdssiudseansamasauuuinass aAremaina
Decision Tree Taodi fiin1ugnaes (Accuracy) im1ny 0.82 Arnauusiud (Precision)

iy 0.85 manuszan (Recall) iy 0.82 uazmnnunnna (F-Measure) iy 0.82

Algorithm : Decision Tree

ANANNANEDY | ANAIINWLEUEN ATANUSYAN ANANMUAAA
Accuracy Precision Recall F-Measure

x

{ a 9 a a a Y ..
MU 4.1 LLWU{]NﬂiTV\lLﬁuﬂ'liﬂ‘igluu‘ﬂi%ﬁﬂﬁﬂ?w 978 Decision Tree
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aouh 2 msdsziiv)sz@nimw aae Naive Bayes

A13199 4.2 Msvszluse@nsam dre Naive Bayes

o Recall F-Measure
Accuracy Precision ' '
Algorithm ' y ) o NN AN
MANNYNABY  AINNUUNUEN - .
sgan 02994
Naive Bayes 0.85 0.86 0.85 0.84

- Y I =X a Aa a o y a
NNTNN 4.2 uaas limudimsdsziulszanimmueauuiiass Aomaina
Naive Bayes Tasii Anna1ugnaes (Accuracy) 11nu 0.85 Arna1umsiudn (Precision)

iy 0.86 Aanwszan (Recall) iy 0.85 uazanunnaa (F-Measure) tiiny 0.84

Algorithm : Naive Bayes

0.835

0.83
ANANMUOAGDY  AIAINLNULY . AIAINSYAN ATAUAIAA
Accuracy Precision Recal F-Measure
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a8 [ = o A
S

2 4.2 upuginslidumsisziiiulsz@nsam Ao Naive Bayes

aouh 3 msvszdivlsz@ni,mw aae Support Vector Machine

M319% 4.3 M3dsziivdsz@nsnin a2e Support Vector Machine

Accuracy Precision Recall F-Measure
Algorithm , , , - , -
AANNGNADBY MANUUNUEN maNyITan ANNEINA
Support Vector
0.87 0.88 0.87 0.87
Machine

~ Y I K a A A o Y a
1N 090 4-3 naas iunansUsziiulsganinimaeauuinass aremaun
Support Vector Machine Tasii Ana1ugndes (Accuracy) 11y 0.87 A1a1uutiué
(Precision) 111y 0.88 Aanwszan (Recall) i 0.87 nazainunaeaa (F-Measure)

W17y 0.87
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Algorithm : Support Vector Machine

0.88

0.878

0.876

0.874
0.872

0.87

0.868

0.866

A

A

0.864
ANANNgARDY  ATAINLNUEN A1ANusYan ANAIIUAIIAR
Accuracy Precision Recall F-Measure

A 4.3 uwugiingidumsszdiuilsz@niam Ao Support Vector Machine
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aouh 4 msdszdivlsz@nimw aae Logistic Regression

A13199 4.4 Msvsziulse@ninin dae Logistic Regression

o Recall F-Measure
) Accuracy Precision ' '
Algorithm ' v ' .o AR ma
MANUYNABY  AMANNUNUEN - ,
szan 92990
Logistic
gist 0.87 0.88 0.87 0.87
Regression

~ Yy I XK a a a o 9 a
10NN 4.4 uaadlmmuninsdszlulszaninnaeauuiias Aumaila
Logistic Regression Tagi A1a21ugndee (Accuracy) 1411010 0.87 A1A2 1ML U é1
(Precision) 111y 0.88 manwszan (Recall) iy 0.87 uazA1n1uniega (F-Measure)

WAy 0.87

Algorithm : Logistic Regression

yhaie ]

7

ATAUONRA DY AL UEN ANAYUSTAaN ATAIUNIIGAR



63

' . - - - - -
8 C =] A

M 4.4 upuginaidumsiszmiulsz@niaiw dre Logistic Regression

Y

d’ J v o o 'Y a Vo A =) d
NOUN 5 ﬂ1ﬂ7!13»1!!3»]1!811ﬂ15‘%1!!1»!ﬂ‘}"iNQﬂﬁyﬂjﬂ!ﬂﬂﬂﬂﬂuﬂuﬂﬂﬁuﬂlﬂ wravhve

% J J a
FNNDIA !’Jﬂ!ﬂﬂi!!u‘“%u !!a$ﬂ1§ﬂﬂﬂf’)ﬂiﬂ$ﬁﬂﬂ

~ 1 1 o o 19 a 9 Yo Aa = 4
A1TNNN 4.5 mmmuuufﬂmiﬁ]”luuﬂwMaﬂﬂy,m&mﬂuﬂmullmmﬁuclﬂ W

1 J J = A A
SFWNBDTA LINADTLUNYYU ngﬂ"ﬁﬂﬂﬂ@ﬂiﬁ%ﬁ@ﬂ

Algorithm Precision Recall F1-Score Support

Decision Tree

A 0.60 1.00 0.75 3

B 0.67 0.86 0.75 7

C 0.67 0.50 0.57 4

D 0.95 0.84 0.89 25
Naive Bayes

A 1.00 0.71 0.83 7

0.78 0.78 0.78 9

B
C 1.00 0.60 0.75
D 0.82 1.00 0.90 18
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A1 19N 4.5 (99)

Algorithm Precision Recall F1-Score Support
Support Vector Machine
A 0.80 1.00 0.89 4
B 0.78 0.78 0.78 9
C 1.00 0.75 0.86 4
D 0.91 0.91 0.91 22
Logistic Regression
A 0.80 1.00 0.89 4
B 0.78 0.88 0.82 8
C 1.00 0.60 0.75 5
D 0.91 0.91 0.91 22

1INA15199 4.5 naaulFeuifiouainnuuiudivesnsunIanyAIemain

a

dulddadulas wdvliud dnuwesa nnwesuustu uazmsonnssladaan lasutsmuaand
Uszneudie A B C uaz D awnsadgiua’lddn upudiaes Decision Tree Idanamusiud
(Precision) Mﬂqmﬁ Class D tm1nu 0.95 aaun Class B tiag Class C imnu 0.67 Class A
M1 0.60 Mud1e Y uuus1ase Naive Bayes 1ia1aa1uiaiué (Precision) mﬂqﬂ‘ﬁ
Class A ttag Class C 1y 1.00 aau Class D i1y 0.82 tag Class B im1fiy 0.78
AUS19 U U109 Support Vector Machine 1¥a1n21uuaiuéa (Precision) mﬂqﬂﬁ
Class C 11101 1.00 a1 Class D (101 0.91 Class A 11101 0.80 uag Class B 110
0.78 Aud1A Y LuVI1ae Logistic Regression 1¥A1a1uisiuén (Precision) mﬂqﬂﬁ
Class C 1111 1.00 fian1 Class D minu 0.91 Class A iy 0.80 uag Class B 110y

0.78 aua1a1
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0.88

0.87

0.86

0.85

0.84

0.83

ArMunneag

0.82

0.81

0.8

—

Decision Tree Naive Bayes Support Vector Logistic Regression
Machine

0.79

[JPrecision A1AMMuiUE O Recall AMANUSEAN F-Measure ANANMANAA

H k4
Ml 4.5 uruginfFouifenmnnugndesms Swunvulany 19 4 mata Usznondie

a 9 Yo Aa = J o J 4 = A A
mﬂuﬂﬁu"lmmﬁuh N'I'E]‘V\Ilﬂﬂ HFNWNDIAULINADILUNYBU Llazﬂ'ﬁﬂﬂﬂ'ﬁ]ﬂiafﬂﬁﬁﬂ

Decision Tree

1
0.8
06
.
0.4 4 /
0.2
0
Class A ClassB Class C ClassD
0 ArAuLLuEn Precision ATAUSZAN Recall F1-Score

d‘ a =) = 1 Y ) 1 a 9 Yo Aa
NINN 4.6 uwugmﬂifmmfmﬂ1mmgfmmmimuuﬂwmwymﬂuﬂ@u"lmﬂauglﬁl
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Naive Bayes

1
0.8
0.6
0.4
0.2

Class A ClassB Class C ClassD

[ AIANULLED Precision [ @IAusYan Recall F1-Score

~ a A = 1 Y o [ a = 4
NNN 4.7 LLNHQ3Jl'lJiEJ‘]JmEJ‘]Jﬂ1ﬂ’J13Jiq]ﬂﬁE]Qﬂ'li%’]Lmﬂﬂuﬁﬂﬂymﬂuﬂu1ﬂﬂm&

Support Vector Machine

1
1
0.8 A——]
0.6 :
0.4 > ’
0.2 '

Class A ClassB Class C ClassD

[ @AAMNUNUED Precision  [JAANsYAN Recall [ F1-Score

A 4.8 unuginlseufenannugndesmsswunvulansy

Mﬂﬁﬂcff’wwa{maﬂmaimﬁu
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Logistic Regression

ATAMUULUEN Pr n ANANUSTAN R 1-Score

il 4.9 upuginfSouieumanugndesmasuunnanangmaiinnsoanesladaan

ABUN 6 MI1INTDMUN Class A, Class B, Class C uag Class D

A15199 4.6 AIBE1IA519N1TDUN Class A, Class B, Class C 4ag Class D

I0C- | 10C- | 10C- | 10C-

{0 mwms  |A|B|C|D| 5 c o | o
1 | 1Ay 0.0000 | 0.0000 | 0.3333 | 0.6667
2 | ¥ 0.0000 | 0.0000 | 0.3333 | 0.6667
3 | 59@ 0.0000 | 0.0000 | 0.3333 | 0.6667

0.0000 | 0.0000 | 0.3333 | 0.6667
0.0000 | 0.0000 | 0.3333 | 0.6667
0.0000 | 0.0000 | 1.0000 | 0.0000
0.0000 | 0.0000 | 1.0000 | 0.0000
8 | ufly 1 | 0.0000 | 0.0000 | 0.6667 | 0.3333
9 [ mstszdiv | 1|2 0.3333 | 0.6667 | 0.0000 | 0.0000
10 | DS IUNY 1|2 0.3333 | 0.6667 | 0.0000 | 0.0000

NN DN DN

5 | AYIU.

@
6 | A4DIUNTNU

7 | malgiiams

N|w| Wk |,k |F, |~

W W O|O|O|T0|0|0|0]|0
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A1 19N 4.6 (9D)

7 sims  |A|B|C|D IC?A\C IOBC I%C I%C asl
11 | amwadey | 1 2 | 0.3333 | 0.0000 | 0.0000 | 0.6667 | D
12 | vaanuansa | 1| 2 0.3333 | 0.6667 | 0.0000 | 0.0000 | B
13 | AeRNAIY 1 2 {0.3333 | 0.0000 | 0.0000 | 0.6667 | D
14 | 91891139 1|2 0.0000 | 0.3333 | 0.6667 | 0.0000 | C
15 | MINTONNI 12 0.0000 | 0.3333 | 0.6667 | 0.0000 | C
16 | matszamau 1]2 0.0000 | 0.3333 | 0.6667 | 0.0000 | C
17 | MInpUaUD 12 0.0000 | 0.3333 | 0.6667 | 0.0000 | C
18 | mawsounsou 1]2 0.0000 | 0.3333 | 0.6667 | 0.0000 | C
19 ﬂ‘%lum'iﬂﬁﬁﬁ 1|2 0.0000 | 0.3333 | 0.6667 | 0.0000 | C
20 émaﬂmq 1 2 | 0.0000 | 0.3333 | 0.0000 | 0.6667 | D

INAT19N 4.6 LAAIAIDE19A151901591Un Class A, Class B, Class C
1 < 9 = 4
wag Class D wueaalszneunnaiuiainiuasanass 10C (Index of Congruence:

10C) imanuaeandedszridng 0.90 — 0.92 Feliawnnani 0.60 enunsarir luldaula
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9andI NUFNNOTANAMDTUNFFU UAINNUYAABANINY 0.87 danaTNNUIBVILINAIAIN

AR UNINY 0.85 uazdanainudu limsaadulalidinugndeuniiy 0.82 uazwuin

a K = a 9 o 1 v A 1 ya 1
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2. andsewa

ninmsnadoIasldanlsdoyadidrAgainmiiedod S1uau 948 i Failu
6191’@33a%’aﬂamﬁrﬂuﬁgqmmllmmmzmm*e‘hﬂqy Wiinslseumeulseaninimms
Swuniszinndoya 4 3% Aelddaneifiu Decision Tree, Naive Bayes, Support Vector
Machine ttaz Logistic Regression Fuhmsnaaoulaens1is Split Test Wumsnaaou
Yoyadromsutadoyasomiu 2 d1u Aedrudeyadmsudndunioaduuuuiians
(Training Set) uagﬁaueﬁ'@gaﬁm%‘umimﬁammuﬁmm (Test Set) me"mamﬁq%’aga
2 dw Taesviuald Train 70% uaz 1 Test 30% anramsnaassnunlumsfSouiov
ANt udweuIIaeInsswunnuIanyaledanssnudu liidadule (Decision
Tree) dana3fiuu1dwiud (Naive Bayes) danaSiudnnosannmosuuy¥u (Support
Vector Machine) nazdanasfiunisnaneslataan (Logistic Regression) Taguiisniu
amdalszneudie aaa A, aa1d B, aana C uag D wamsdsziiuwui

panosnuau lddaduls (Decision Tree) TriAnauaiuén (Precision) unga
fi Class D 1111 0.95 §au1 Class B az Class C 11151 0.67 Class A 191151 0.60
auddy sane3nuudvliug (Naive Bayes) 1a1aumaiué (Precision) 1nga fi Class
A uag Class C 1 1.00 daun Class D 111 0.82 uag Class B 10 0.78 auaidu

fanesnudFnnosanne ST (Support Vector Machine) 1¥a1a213
1ud (Precision) mﬂq@'ﬁ Class C 111 1.00 6au1 Class D tm1nu 0.91 Class A i
0.80 taz Class B 11111 0.78 aua1au

dane3fiunisnanoslavaan (Logistic Regression) 1¥A1a211 s uén
(Precision) 11ngafl Class C iy 1.00 fau Class D i1y 0.91 Class A wihfiu 0.80
wag Class B 11101 0.78 auaiau

daumstszdulsz@ninmveauuiiaesdieainnugndes (Accuracy) i
maiindanesfudnnesannaesuu¥Fu (Support Vector Machine) uazimatiasanasi
n1snanoy ladaan (Logistic Regression) fiA1n11ugnAs (Accuracy) gagaminy 87%
danosiuudviud (Naive Bayes) fininaugndes (Accuracy) Wil 85% uazdana3iu
&u'l¥iadule (Decision Tree) fimanugndes (Accuracy) iy 82% awd1dy 1910

’

J [ 4

a o o @ a 4 -
HaN153901190anaSNNEWNesA 1INABSUUTTY (Support Vector Machine) uas
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% AR = a - . - = U a a A d' 1w
danesnunsnansy lavdan (Logistic Regression) Unamsdalsziliviszaniawnminu
Tasiin1n1ugndes (Accuracy) tM1nu 0.87 w30 87% uaza1n1uuiudl (Precision)
MnU 0.88 30 88%
I o Y a a a a [ a R = a
m%eﬁlwwamiﬂszmuﬂnﬁcﬁnﬁmwsummﬂuﬂaaﬂmmmiaﬂa@aia%ﬁm
. - - v a [ a [ 4 4
(Logistic Regression) AnJunaiasanassNuENNeIAINADS LT T (Support Vector
Machine) (e 931niszoznarlunmsadiauuudiassianit Tasmaiiasanssiuns
a — - a a o a @ 4
nanoglavadn (Logistic Regression) 191181 0.363 Ju1fi nazmatindanesnudunesa
s ) - !
nNwesLLsTY (Support Vector Machine) 191721 0.412 Jwil Felszanmdesay 11.8 uaz
Y 09/1 [ axk o 1 o A 1 9 Y
10N15 19N 4 danoTnu mmmmuunmJmwy’wuaaamau‘wiﬂamgaaﬂm"lmﬂu 4
1 1 ] 4 [} 1 a 1 A
HuIANY 1aun HUIANYYNTATAT HUIANYYNDTNT wmqumﬁ uawmwyﬁuq Tu

Y Ya o <

mMsAnINUINeNNeITe s IR ITeNeuiNATMS tuanalumsiiite ms Swunheany
= 1 3 9 a = Y A v Y Y]
Mariuany FanududunslemaianisFeuiveunsodlunisanavoyalunis 9a
1 = Iq Y @ 4
HuIA1Y uazumiﬂizqmﬂﬂugﬂmemmiww‘uﬁwmwmia@u"laquen Journal
System (OIS) insldmatiansdszuranadeniny NILUIUNITIANGUAITIINUN NITIA
' D) a 4 A av Ay y= = ) a Y
HUIANYUDIVDANY ANNAAITU LIAZDUY naznnUINen laanuiinmg Mmatanms 1dau
] 1 9 Aa A o d‘d 1 ) 9 1 -
peunInanams 1z 1l szansmmlunmsinunanaz dielunisiinauile wsu Decision
Trees, Support Vector Machine , Naive Bayes Lﬁaﬁ’mumuuﬁwaaﬂumsfﬁ"m,uﬂwmwy:
9 o I 4 = = a A 1 Y o av o’j dy d'
a1y W 1Rz Wisumeulssaninmmanugnase Tumsiianuiteasediie
= = Aa a ) o TAA ya o o w
nFeumeumlszaninmuomvusiasslumssmunuuianyna lannsandrdinnan
@ l 4 A o a
donmlumivdomeuniniuidunulia PDF §3sevsaulafnyunaiinnazidonls
9ana3fu Decision Trees, Support Vector Machine, Naive Bayes, Logistic regression
d‘ 1 9 1 ] ) =\ 9 a o - -
MENIAIANYNADY AIANLNUE aenlsmatinnisduuniszian (Text classification)
Wew3e lumsswundendu 1Az INMTANEINUITBADANADINVNUITEVY (WFTUU
s o A A = .
AT INAY WAL, 2561) #imsl4maiin Decision Trees, Naive Bayes ttag Support Vector

. ’q ¥ ° A Y} A o
Machine w1 ’1J‘i$i;ﬂ§]El°]5ﬂ1i‘1/ﬂ!1"illf]\iellfJﬂ'JTJJLWE]i]HLuﬂﬂi&m“ﬂiiﬂ*ﬂ1ﬂ'€)1ﬂ1i Uagan

= 9 4
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df = pd.read csv('data key.csv', sep='\t', names=['ID', 'keyword'
, 'class'], header=None)
df

Y v Y U o
ﬂ?ﬂﬂ]ﬂiﬂﬂﬂ]iﬂﬂﬂ1

from pythainlp.corpus.common import thai stopwords
thai stopwords = list (thai stopwords())
thai stopwords

from pythainlp import word tokenize
def text process(text):

final = "".join(u for u in text if u not in ("2", ".", ";", "
« 1 " ' " T mwon "w_ . " "
P - 7 A Ay Ty ) )

final = word tokenize(final)

final = " ".join(word for word in final)

final = " ".join(word for word in final.split()

if word.lower not in thai stopwords)
return final
df ['text tokens'] = df['keyword'].apply(text process)
df

Mmeehalaamsas1a WordCloud

from wordcloud import WordCloud, STOPWORDS

df pos = df[df['class'] == 'A']

pos word all = " ".join(text for text in df pos['text tokens'])
reg = r"[nsa-zA-Z"']+"

fp = 'THSarabunNew.ttf'

wordcloud = WordCloud (stopwords=thai stopwords, background color
= 'white', max words=2000, height = 2000, width=4000, font path=f
P, regexp=reg) .generate (pos word all)

plt.figure(figsize = (16,8))

plt.imshow (wordcloud)

plt.axis('off")

plt.show ()
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from sklearn.model selection import train test split

X = df[['text tokens']]

y = df['class']

X train, X test, y train, y test = train test split(X, y, test si
ze=0.3, random state=101)

from sklearn.feature extraction.text import CountVectorizer
cvec = CountVectorizer (analyzer=lambda x:x.split (' "))
cvec.fit transform(X train['text tokens'])

cvec.vocabulary
train bow = cvec.transform(X train['text tokens'])

pd.DataFrame (train bow.toarray(), columns=cvec.get feature names (
), index=X train['text tokens'])

U ] Y IS ) ) o
meenalaamsdszmivlszansmnnuudiany

from sklearn.linear model import LogisticRegression
lr = LogisticRegression/|()
lr.fit(train bow, y train)

from
sklearn.metrics import confusion matrix,classification report

test bow = cvec.transform(X test['text tokens'])

test predictions = lr.predict(test bow)
print (classification report (test predictions, y test))
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