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The purpose of this research is to study the methods of categorizing news
using machine learning techniques with a news dataset. This dataset consisted of 41
news categories and 202,372 headlines from 2012 to 2018, provided by news website
HuffPost. In this research, techniques such as bag-of-word and Term Frequency Inverse
Document Frequency (TFIDF) were explored, along with five machine learning methods:
Multinomial Naive Bayes, Complement Naive Bayes, Logistic regression, LinearSVC,
and Random Forest on asymmetric classes. This challenging problem was addressed
by using three sampling algorithms: undersampling, synthetic minority oversampling
technigque (SMOTE), and adaptive synthetic sampling. The results showed that logistic
regression using bag-of-word techniques and SMOTE had the highest accuracy in
terms of news classification, with accuracy, recall, precision, and F1 scores of 80.69,
77.63, 77.04, and 77.31, respectively. Using the confusion matrix, it showed that the
most accurate classification category was healthy living news which yielded 89% but the

performance of classifying sports news was quite low.
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LIGIE ANTHUNNE
Category tszinnang
Headline WIAWIUD
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MIANEHINIUAAE (N7 Yaiiasn & wes dda, 2556) laFeumneumaiinnig
ARIABNADIANH DI LULNINTEBI WA T NNTATLTINYBI NI M H I TR AN IN AN TN
1% o A o 6 oaal o aal o 'S
daA0N AR RanA A NEWEN1e neasiuulaawAdf 193N 199wl szLmuuLRad winese

'3 = . ¥ & a = =
NNIAAT WNNTW (Support VectorMachine: SVM) Tna ldimasiuauuunaluilsauasisimea
wadWardy, wanwe (Naive Bayes), \wefi@auiindsn (Bayesian Networks) Wazia e
wauLLes (K-Nearest Neighbor) Han153agnudn agnwesm nm asuundulaeldinesiua
R aaLuA Al (SYMR) Tuanisdn dsz@vsnninesingeiigame 92.2% uazinasiu
auusInaluilaa 86.5 % waniud 91.7% wel Wauinif 91.4% waziaflasduiuas
88.7 % ANANAL

N9ANENUARE (Ghaidaa A A-Sultany & Hatim, 2018) AN ®IN19aANNA Y
299119 UA TUNANHAN WUNI N e pdneeuladlaaldluina Machine learning w¥a iy
Hwallan1sdszusananisassnanm (Natural language processing) AlEidLnIvane
atuuIndusunisdnuunany uwiluureafafiduGesaanlunisdannan ugdnvse

dl £ Y a o dgjd v dl o d £
unpauiiul szinnda pondu suidsatasiullinisdrseameduunandaannunin
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Wanalaaliassnran s (Semantics) Aa NgANINLANTLAMNUN Y TEANuawlanaaiy
ANNANWUSIL I AN 98 Ay Anead wazArNrNng LazFauinsliulanednnuanmg
TapauMidudszinndus Inendsld Semantics 1uagEndudeunininlddszutana
antusin ldAuanulnevnan Features Taeld word2vec ffu TFIDF wnmas uagainiuas
) Y ) o o 1 [ alld o
g Tuwanuuatasslunisvinuianisan vygusan Ineiuluna nun1swmuagluuunisg
o |d| 1 [ dl % ! .
Auunuuanuynuane1eiu lnaluinanldlaun K-Nearest Neighbors (KNN), Support

Vector Machine (SVM), Naive Bayes W& Gradient boosting A 1NHANITNAAAINLIN
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Multinomial Naive Bayes H1sz@v8nwlunisauununanugdinngn aosaaanuLsugi

u

(Accuracy) 1 90.12% Uag ANAMNDNEDY (Recall) 90%
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AMFANEI9IUINE (Akanksha Patro, Mahima Patel, Richa Shukla, & Jagurti Save,

1
a v '

2020) lHnanaie Mad una e 3as MU NULEWeAEAN 4519971998 Fua UM AT 4
= o ° I~ Y o - B v 5 LR BN =
aeipouauniaziedndsr innunanu g e lidayan feuld e ld i e son sy
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1uuuFaandanidulasdiianaenaiinnevin Web Scraping wdavnn1sdnszinndng
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LA AN ST NN Maa 09 i rasdaiane 0 lunmAgeL (Testing error) azwinlaan
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ATANEI91UARE (J. E. Sembodo, E. B. Setiawan, & M. A Bijaksana, 2018) 1n13
AUONIIA AUNI ANYER TR andayavaamununangdnn Ineasingzuaunslunsdn

[ o
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Support Vector Machine (SVM), Random Forest Sequential Minimal Optimization(SMO)
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fold cv) TasunaanlaF9An k= 10 %umﬁﬂﬁ%ﬁﬂﬁﬁmﬂ@ﬁm@mmmmﬂ M ey
ﬂ’@yﬂ@ %gﬂﬁ\iim gl Term frequency-inverse document frequency (TF-IDF) Faqvd zyiau
TiiuieAug1ATy8eAn luunAy anilaztideyantwnszuaum suazina dadnesdu
A1gdlna Inganuanmaaadaznudnluma Multinomial Naive Bayes TAAa1u

1 o o dl dl 2% [ &
wluein (Accuracy) lumainanuaesluna gegain 77.47% luaniehiuwa ZeroR linaans
1 1 o é A dJ Y @ 1 1 o Y o
AIAIN LNUENFAIGARD 19.17% TIudanalifiudme ZeroR iz iunisldan
MRy
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NIANENIIUAAE (Melek & Mokhtar, 2020) liitadaya “News Category Dataset
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Tnensldlnwmaniiu Machine learning (ML) 3 Tuwaa lawA Logistic regression, Linear
Support Vector Machine L8y Naive Bayes Classifier waz Tumai il Deep learning (DL)
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aaa A4 oA
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AU UNAN YO Mina A. Melek
Multinomial NB
Complement NB Naive bayes Classifier
ML Algorithm Logistic Regression
LinearSVC Logistic Regression
Randomforest LinearSVC
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News Category

Dataset

! Sampling

Algorithm
Pre-processing
! i selected
Train Feature Vector . # Predict  Classifier ’ result

Exploratory Data L] classifier model

Analysis t

! Feature
Extraction
Train, Test Test Feature Vector

Bow and TFIDF

ANUTZNaL 4 N921UIUNT Text Classification

AN UTENAL 4 LAAINTLUIUNIT Text Classification AN 92 UAUNITT T U
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=

va o o = 1 % 1 o
nNITUIUNN :“mqw%ﬂﬁumm%mnﬂazmmmwm AUHUNUBAITNLNI 1AYINNTVINNILLD
Text Classification sl Supervised Machine Learning UsznaumaenN1siId aAN NN WIAN
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Feature annUuANINg Train Waaieluma WaseIn13ak1ny sznnanniiianidng nse

o v d” 1 dl v 1 1 . =) o ZI/ ] . ¥
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¥ ﬂ. a o
3.2 dayafiten g luaulay

Tnavuddenlaldgadayaain Kaggle InuiTagndayadn News Category
Dataset (Misra, 2018) Tnaigadaya dlumaAana1an 202,372 419 A9usitl 2012 9 2018

[~3 6 dl £ 1 a 1 1 a o
A vl s HuffPost @9 Hlug 991N 119419289814301 TaUNANNLAA L I1NHA WY
152 1Anai N Rada9iu Inaensnacing iy 419192 1n POLITICS RanuaulmnAdiy 32739

919 11luaw Tneazud Aesaatingteadtnlunnisznas 5 wazsa Fied name 184 Dataset 114

AT 2
category headline authors link short_description date
0 CRIME There Were 2 Mass Shootings In Texas Last Week... Melissa Jeltsen https://www. i y She left her husband. He killed their children... 2018-05-26
1 ENTERTAINMENT Will Smith Joins Diplo And Nicky Jam For The 2... Andy McDonald https:/Mwww.huffingtonpost.com/entry/will-smit... Of course it has a song. 2018-05-26
2 ENTERTAINMENT Hugh Grant Marries For The First Time At Age 57 Ron Dicker https/www. y/hugh-gran... The actor and his longtime girifriend Anna Ebe... 2018-05-26
3 ENTERTAINMENT Jim Carrey Blasts ‘Castrato’ Adam Schiff And D... Ron Dicker  https:/iwww.huffingtonpost.com/entry/im-carre...  The actor gives Dems an ass-kicking for not fi... 2018-05-26
4 ENTERTAINMENT Julianna Margulies Uses Donald Trump Poop Bags... Ron Dicker  https:/w: i ... The "Dietland" actress said using the bagsis ... 2018-05-26

AN TENaU 5 FNRENNURaI19

#1979 2 News Category Dataset detail

Field name
category headline authors
link short description date

vinn1siaen Feature M 14 lumsdrgdiuma Tnuaziasu category 1flu label

WAZATNINT999N headline, shot description 11 text WA NINIIAL authors 1l date 88N

o

pannanelumnie 3

19N 3 News Category Dataset detail NAIAN Feature

Field
ANUHUY
name
& }
text IHUDT1UBIVU

label 521NV
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3.3 MsLETENTaYA
3.3.1 msiaandszinnaing
Tutuneuiazninis@eaniszinniianaz lvinmauinouliannaaes
¥

doya (Imbalanced Datasets) tngmzyinns@ant191lss iINANAUIBLNA XL Nga 15

auALLIN IaeaRa1anNe 142,745 UnAnd wanaluniwisznay 6

Category Number of text

POLITICS 32739
WELLNESS 17827
ENTERTAINMENT 16058
TRAVEL 9887
STYLE & BEAUTY 9649
PARENTING 8677
HEALTHY LIVING 6694
QUEER VOICES 6314
FOOD & DRINK 6226
BUSINESS 5937
COMEDY 5175
SPORTS 4884
BLACK VOICES 4528
HOME & LIVING 4195
PARENTS 3955

ANLTENRL 6 AT LAANATUIRLNANNNIANLTL AN 15 BUFALILIN

3.3.2 NMIuNUNA28ALEaa (Label Encoding)

Tnetnfdayasziamunaniy (Categorical Data) 7 lildA damanss < fi
FOININITUNUAAEIA T A2 1RUIIAT Feature 1T UFAA MR YW w1150 Text
Classification {dayaiiludananuiludauluny ialiliamsnindamaaldiflu Feature

4 o dl Y o 1 o S o A dl ¥ a -8
n39 7 azfdesiamadasuliiduadaawsesailine inenianesainisnlszunanaung
wenueiz e taegdde a1 Label Encoding lunnsunudszinnanayia 15 szinm daeiae 0

N 14 AINAAL
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3.4 msdsaatays
3.4.1 drsrauazagiindeiiagludaya (Exploratory Data Analysis)

o tdl v o = ¥ ¥ =3 il/ a I3 v v
M@\W’]ﬂ‘l’li@%qﬂqﬁfm?ﬂﬂﬂ@ﬂu@ A ﬂLﬁmumummmmzmg‘ﬂﬂw FIREN]

nénAty Nurvaglungudeyaiii Tne EDA azvinn mglunuau@anlasszudneii lne

=

nAgadaya azuansatlufaiaa dnaszuazdananu enaansansaglinamdle

v
k4 @ o KX o

= % (= 4 = sl ° %
NIANIIAUNIAINNUNNEINNT AUDY A AatuasaiuA e nge uaungLdan NITUNLRHA NN
<

wanalugiluinmes nwnain weunanew detelinFauneu wiuanudunwusue sdaya

Y IS

dndayadanudunusetnels i ldnmeAnudayauayiim mefingau Tnansdiauedeya

a
24

< Al : o o cw . . ) <~ o A A ~
UL ULTEINAN ﬂ’]ﬁ‘@?q\‘]NI‘HWﬂu YA (Data Visualization) GﬁQNﬂqiimLﬂ?@QN@LL@31@‘]_@']?

Matplotlib waz Seaborn

3.4.2 8&lAwngN (Histogram)
nnsafndalnunsnsdansnuviasae matplotlib Tnaldimautlsznaumenis
. =l = o o o 3 o 3
import laus1s Tuga, nawisandays x uaz y druiundennsn uaznisdanden lns
daya x,y a1alannainnisiuannislulaunsy nsguanning Excle wsa CSV iflusu tng

ANNNIHIREAEZN NN N LY IR 88 S AAIAINN AN NUFTTZNINNANUIULNA I HALLTZ NN

v
[ !

1989117 [nendenandayafifunenwnin  Sampling AdudnInwLlsznaud 7

a

::::::

AMMLTENAY 7 LWAAYANUIULNANNIBILTZLNNTN9 41 Uszian
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ANALIZNaL 7 LaAtNanWIULNANNALANANIiaInuin ldwiles

dlalo cll

AINANNA 411szinna19 N1eNRAmULNANNALANAN TuNRuAs den s Tun af 14y
o LA = o | > v P
nedaueniszinnanafiniseudes lumsdauendszinmdnld lnadigannawindenas
Wiuladnanunsananisdnuislszinnanaeants iy EDUCATION, CULTRE & ART,
LATION VOICE, COLLEGE \flusiu manzfianuauun ananvasninagusyaulaiiniu 2000
UnAYN LeW auiutlss nnd ol Hanuauieer 9 i POLITTICS AN 32739 UNAINN A3
Lidsnasiansdnuenluwa wils uaziderinnsi@enilszinninaniauuougeg a Tnaazsii

MeAFNNINUYNINDAIIWIULNAINTDY 15 Uszinnanusn uanesannilsznay 8

The distribution of categornies

ANLTENAL 8 LAAYANUAULNANTBILTZINNT1Y 15 UTzinyn aInIsmse

¥

GHE

v
ANANLTZNAL 8 LAASINANUIULNANNLNININNAAR 142,745 UnAINH

° Ao o A R P
LL@tﬂﬂu')uﬂizmwﬂj’]qu’]ﬂfliﬁmL@ﬂﬂ@ﬂﬂﬂixmwmmUWﬁQ’];Ju"]ﬂwzgm 15 UszLnnuksn

3.4.3 GARIAUAT (N-Gram)

aa dl | ¥ o o o |
dhasaeentsdszuananeininnndulllfresgaandu dnasevse

o o I

AANY TaadnnsssydonunutreauIngaatAutes Wun 1 wiaateay Fundd Uni-

a v a

gram, 2 ¥iagdas Feandn Bi-gram lAgSUALLINAZNINIEFNUHUNNA2ENATRA Bi-

a

gram Wauansaud1gillssTuand 2 A1 Tuumaaadianunsnii deniwilszneui 9
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Frequencies Distribution

new york

contributor author

donald trump

contributor writer

contributor founder

contributor contributor

words

michael nichols

twitter facebook

sure check

check huffpost

o
-
=3
=3
8
=)

300

8
a3
-}
=4
2
a
3

Frequencies
nilsznay 9 uass guldszTaamnldaluumacntiauunsaeas N-gram

nnndsznan 9 w1 mMskimaiia Bi-gram tadszlaaniidilanans
¥ 1 . dl o = o @ 1 o = 1
wugldnnNndn Uni-gram daduanimealan < menzuneailiassueanduawfaoy

dl dl =2 ' o ! o 2'/ dl
Trump e e Donald Lummmﬂummmqmm ANAITAETINNUNINNITN muummﬂgﬂ

o 1

UszlamA N nuNINAga luunA T nnAReA 191 New York T9iaa1unlunield

o =3

Uszlonmi 738 A9 InetlselanniliugedlesdrAtyaeciulesiidugiudeyaaoin
Tinsldiees luumaaiuang
3.5 Feature Extraction
AR NITLIUNNIMNAT Feature 28998ANH TnENN9aTiAYTAAIWINAY Feature 199
v dl ] dl 2’/ o . . al ?/ [l o
domnnn Teifludounileredlnennisyin Text Classification azidunautasfiwandli

(NeuNash Aszqua, 2020) Mwilszneu 10

Clean H Tokenize H Feature extraction (TF IDF and Bow model)

A dsznau 10 wansdunarn1sAl Feature andamqna
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3.5.1 MANNFza1a (Clean)
= Y A A o Ay -

NUNENINM TN A TR M evFee Ny 3x il Use T min aunisiss anana
aanll i Tannuiuianszuuiuuastuwiniluan Taeldwaridy BeautifulSoup lunnama
ANMNALANA ANFARENITY  daANNARUYINANNEZAA  “<br/><ht>Cybersecurity></ht>
<td>" aanANdzanaazladana1Ndn “Cybersecurity” Wiy wazdaldimainaulu

[

nsinANazaInTaya Al
n9FAAN (Stop words) TaentlunissiaarRdnwusialuus lifinadumana
NHLUA N LTU a, an, the, of kaz which usu Inaaywinlfd1la191a849 Stop words 110
TuummAanudianun Aenipauand lunisa ansmuisnindsenay 10 WALNATINIA
Stop words aanldfaranilimanuudugreslumaanaa
maulaeugtanldeslugtluuunaids. (Lemmatization) Aa Nezuaunsly
nsudas Word Aaesnan1smnAwyilu Dictionary, Matasziuaniansalaasnizesng
wnnzan JunsudsAn FuAn en1am Inflection 289AN LU WA, Tense, @29, ansund,
U wazay | daulugavindauing liwaeusstnefudugu dudqly Dictionary
= 1
b32IN91 Lemma
3.5.2 ARA" (Tokenize)
&I o 1= o o 1 2 = o 1
Waganaedange il Ty lunsinAegudamnzinisuanaun e
Y % [« £ o o o 1 1 = Y dl A o [=1
wdousitifune nedesianssinAnew W “nsBauueATeeNe " axgnan Ly “ng”,
“2’" 13

b L
4R, “WATRd”, “Na” U1

a

=
“Lﬁ\ﬂu”’
3.5.3 #5149 Feature
o Y 1 o 43’ 1 dl dl o o =
\unigAuaninsaeAsa A nikewel dusaunua ane L vise
Feature 284 78A2N (Text) Wi ]
3.5.3.1 TFIDF
aa o v 1
Wuds lun1gA 1wt @519 Feature Tagigianinann Term Frequency Wa e

Inverse Document Frequency Tnemyldgmsannislaevialil Asaunis 1

AA¥T TFIDF = TF * IDF (1)
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IngANMNNEa9saLLs
A 1 z:ll o Z// ]
TF A8 AtANDAURlULNANTY
o o dld 1 o 1’/ 1
TF(z) = AMUIUA1 z AN ULNANNTIY / ANTIUNA LULNAINNTY
2 e o P
IDF A8 ANRIUNALANND
IDF(2) = log(aNauAWIaVHA TULNAINTNG / ATUULNAINNTNN
a o
HAN Z)
Tnaiuannisuazmnnan ldainannafiall Ae ludenau vise tselanly
UnANNE19 A1 laaN9uNIN AaaaAIANDEesAT LAz (A1 TF 49) windudiAniud
1 o 1 A A o [ % % o = 1 v =
A1 Feature AIUANHUEIAUWTANANNAA UGS waithA1 1 Hagludananu vive dselan Tu
oA % A o Ao | 5 A ' G o o
UNAINE198Y ] AeaslAATis 1 (A7 IDF A7) ing1ziadnunaang1a v o AlATY
wanslimiuildaam oA duilug uanwazLAuuAa tne Feature (Bijoyan Das & Sarit
Chakraborty, 2018) 189414398 Af list 184 unigram WAz bigram aziiuladin1sman
Feature 18990ANN Azl M list 209919 unigram wa2 bigram
3.5.3.2 Bag-of-word (BOW)
% .zll o = U %2 o =
{96 F19m1999ANDAN BANAR 18 ALNNINIAISLanLaI I lAle

=K K o

AU lalnanisa 19 narananuaglae s antianauanlaansad Ao udNwy LAy

o

aeuaeaAn Tnenun iy Feature Tunsmsusaan udsdenqnn Classifier (George K &

Joseph, 2014)

3.6 Sampling Algorithm

3.6.1 GATayaTbiaNna (Imbalanced Datasets)

N ai ¥ a o 1 dl !
Imbalance data set A® N1INUDY AU B L?’]N"W’M’JH‘H@H@iMﬂ@’V&WLLMﬂ AN

1 v
v Al o =

funnleednfudagadayanntiupasinnanna (Balance) wszdayailiaunareing

a
1

294 A utl sl W N UM AN RN A Fe AN DN A BTDIA NIV U BTTRA BN AN U
e = a a Qr a a a %

(nneyadl w Asse, NARANA NAUszan, & lnen Windszan, 2561)Inagadeya News

Category Dataset Nlahunldiuiugadeyanldannaii wesannilszinnaesdiofiaau

UNANALANFNTUNAN
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Uszinnanan e unazianuaianuin 15 dszinnannsneii Tnsaylissinnanaii
AMUIULNANHILBZGARE POLITICS TSHAMUILLMAMNNINDY 32739 umAH Tuaned
Uszimeng PARENTS  HAWAULMANIREN WA 3955 LmAnuwintl wazilszinmanagu 7|

@ o ¥ 1 o ] dl o a o ¥ a
NHRINUIULN ﬁ’]’]llll’?ﬂu@ilLLﬁ]ﬂm’NﬂulﬂIﬂﬂﬂfJ’mLLﬁlﬂﬁH\W]N’mﬂuLﬂuvLﬂﬂzi‘ix‘i NANT LN

'
=]

pndaya lidlANaNAs (Imbalance) deunldvinmsdnnislidayadmnuannaazdauan
Wlumanldlunmsandszinmdniidelanainls Aaiaeinnisld Sampling Algorithm @il
mABAsNg ) siallil
3.6.2 Msguan (Undersampling)
354uan (Undersampling) {iudsnsananuiudayatlsyinndnanaglu
' d‘d o 1 ] v o v A ' o o £ d‘ 1 !
ngundauaudmunidudaunan idawulngnsevzaminiuarwudeya naglung s
= o

dszinndandaiuoudiades < (Ristu Saptono & Winarno Win, 2018) Iaaiuanais

Undersampling luniwilsgnay 11

majority

Y

Original dataset
inel da Final dataset

nwdgznay 11 ?J?iﬂ’]ﬁ‘ziﬂ\l am (Undersampling)
171lm: Dataman. (2018). Using Under-Sampling Techniques for Extremely
Imbalanced Data (ﬂ‘ﬂuvl,mf). AUAUAN : https://medium.com/dataman-in-ai/sampling-
techniques-for-extremely-imbalanced-data-part-i-under-sampling-a8dbc3d8d6d8 [20

WOBINIAN 2564]

3.6.3 NMsRaATIZUTAYALNN (SMOTE)

o

178 Synthetic Minority Oversampling Technique \umaliannsgusinacing
UL WA 989N 134 AN wnunazd uiva nglddoy a i uwsazyinnnsdauns svidayaduunn
Tndanndayamuided Insazdulidaiuaulndinas vsawinduauiudayalunaia

a L3

dmeina, 2562) Tnaud ma?a SMOTE Tu

Q

AUNIN (WNBWT DUBITNIND & L82LIA AE

Andsznay 12
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Class-B Class-A Class-A Class-B
Original Dataset Resampled Dataset

Awdsznau 123’%ﬂ"1m”\11,ﬂm:ﬁ°ﬂ’@y@1ﬁm (SMOTE)
ﬁlm: Younes Charfaoui. (2019). Resampling to Properly Handle Imbalanced
Datasets in Machine Learning (ﬂﬂﬂ@if). AUPUAIN https://heartbeat.fritz.ai/resampling-
to-properly-handle-imbalanced-datasets-in-machine-leaming-64d82c16ceaa [20 Wqk1

NAN 2564]

3.6.4 MIFNINNTRNALUNGN (ADASYN)

¥

1198 ADAptive SYNthetic {WAalsuilganisvine uaes SMOTH TiRTu a4

o

Tudlmaunisa Sedayaiiien (Synthetic data) anifludasiarsnundayannsaaglun

2D

N
was Ine ADASYN azldminisuanuasiuunaadauin (Weight distribution) 1849934
saetne lunguiias Inensafredoyaiendeauetiunnud 1Atyaesdeyatiu - drdeya’le
] 1 ! =3 P %’ v Y ?/ ¥ ¥ = dgj a
ennsanisuingufazliAresdmindeyatunniar aigadayainanausn luuson
1l 7 Teaznnliinisdsua euiamnaeants nd ulalunisutinguAa (Sabina Pun, Sharan

Thapa, & Suresh Timilsina, 2019)

Original set ADASYN

- Class #0 Class #1

nilsznay 13 an1eduiindeyalunan (ADASYN)
#Ax": Rui Nian. (2019 ). Fixing Imbalanced Datasets: An Introduction to ADASYN
(B au'la 10). AUAUANN : https://medium.com/@ruinian/an-introduction-to-adasyn-with-

code-1383abece7aa [20 NEHINIAN 2564]
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3.7 MI&59 Training dataset LLaE Test dataset

o

WANAINTN 19w TaNday s, Medsaadeya was Feature Extraction fiAzInng

k4

widayaiflu Train uaz Test tng Train Aa gadayaniillvinnsaeuliiuaauiomes dou

U

q

Test An gadayaiiutaniain Data set iatu mageuAmsiug) AMugNAeIT8s
Model 7 Train (eu3aeudn ‘L‘mﬂmuﬁﬂvﬂﬁ%ﬁﬁmmmiﬂH@Iuﬁmﬁau Test 20% 18492y
siann
3.8 Machine Learning Algorithm /Classifiers

Tnefumeutiazifhu@en wdnnisRnnsruInlszanana (Algorithm) 284
nsdEuidaeneies (Machine Learning) wiaianndt Tuwa (Model) Tuntsnuantlszinn
194112 TnenfiuABvsetiun aunsy LRUA AR IS AdIRA g Re T LA A dnsaansn Tas
m@ﬁﬂuj’ﬁhﬂm%q (Machine Learning) az# Algorithm agjLiuauaunn Taeend ez
wenliluwa lunsaumauandsz@nsn naedluinalunssuaunIs Feature Extraction
3241979 TFID uaz BOW Tumssnuuntlszinnane Taelunadiinunldldun

[ %

Naive bayes Classifier ilugangsiuiugunddnysianis faunsnldls

Nan19a1UN (Classification) Wae Regression Tmmiﬁ’mwﬁmmmﬂ’(Bayes’ theorem) 1o gl
anduAanUazLili (Probability) INBBUNNUAIABUNEBINIT MW ARIAYTRLlsEINNTaY
AR ENILIUA NNF §I1UIN ﬂ?ﬁmmﬁmu%%@gmﬂilﬁ’fﬂﬁﬂwmmﬂmm’n%Lﬂu (Probability
. . . [ % zl/ 1 [ % 1 =X ¥ v a 1 =
Distribution) Al Av YAz HluraRtetNeRsa N 4l sz naunissindulaadnaiime
A o A wundsziny e ldlunnsauundssiny (Gurmeet Kaur & Karan Bajaj, 2016)

AINNAHNIDILLE AINITOAMUAANNTN 2

P(D|h)P(h)
P(th) = W 2

o Y o

Tnedryanend sing o 2e9aunzesLelanail

Wa P(h | D) Hluaonuiaziile 299nafia h uuRenly nnsafinues D N

P(h) Wiuaanuaziilaednising h

PB | A Wuanuide assn1siia D uudeulaaesnisifia h unfau
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Multinomial Naive Bayes (Multinomial NB) Wusanesnuldlu Scikit-learn
Tndauniisnes Naive bayes Classifier snz@1uiuaud wsuwentszinnauian tng
a 1 d‘ dl = vl v [ 1 o
Andn dszinmuila (Muandszinm) Hgmuandflduinung Tudetianisaiuontlszinm
LNA TN DA UUNAMNGA N E19FUNNIAMIUAF AZA 1A BRaNN19s TN AN Prior @9
uanutaziuaes dssinn Tuuda sanu Inaaunisasl N, unu A usuenans dszinm ¢
A < Ny, WNUANIUBNATTVIIUNA (Muhammad Abbas, Kamran Ali Memon, Abdul Aleem
Jamali, Saleemullah Memon, & Anees Ahmed, 2019) AIULLAAzLAAYTUAIANNIT 3

N¢

P(c) =

(3)

Ngoc

lunsAuaniA Likelihood (P(f |c)) AManuann aruauAi@anluLlszinm
¢ lng wenanssiadnuanendasiannn Inea s ddny anwal wunu A1 uaz v unuAmn

Usziny AUAAIAIANNTT 4

count(wi’ c)+1

Qwe Vv

P(wi|c) = 4)

count(wi‘ c))+v

v

AMNANNNTN 4 A TTuABILINUTN HalAELazdoumnzatailullisdn azlyl

v

wuA sz innuilals daaslirdugmsld WWald Likelihood lugueazvinliinlig auriu

Prior WWiAudls AssasuanuitsinetasiAniueuel

o

Complement Naive Bayes (Complement NB) {luganesnuisaulassnn

1
¥ =

A1n Multinomial Naive Bayes lngiaz {ilsc@vinmuiniulunstingadeyain biannas Tne

¥ FadnannesdilsznonaesusiasAaa i oA i msnaesluas « zuanaliimiu
AMNTHIRATNNTUsENN I A NENA LY 289 Complement Naive Bayes AAauans
nnndua eiilsrans nngandn lunsdnilszinnden s FatuanmM s NTLsER AR
vhavifluuuuiideula (Siva RamaKrishna Reddy V, D V L N. Somayajulu, & Ajay R. Dani,

2010) Az WAAIAI WAL 5

Ni+a;
8 — Cl l (5)
Ccl
N.+a
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o

Tnedryanend sing - 2e9aunisesuelafall
zill A o :l/ o . tzll z%l zill d‘ 1 1
e N, Aeaeuaiizednn | ilsnguuluenansluraiagy o nlild o
I o o Al a dg/ A Ay g
N, Asnasuauuanatulupatadunldld c

a unz a; Aa Wimasavinld smoot

Logistic Regression M3atAsziAunanealasasn wmaialunimi
A eaun1s0n0eeladdAn e A nEAN AN LE 2 N AU LA YU Bd 5y
Tnesulsiiieadadrnae 0 way 1 unsaullsdaszia 1t A1reasauLlsn \wazta winAy
0 WATMNFLLITAE sE R ANLNN AR AALLIIm AL TR WAL 1 LA TinduANIAA D ADRET
8l1sx snourienannsalAdulin o Weruuasaulsas 92(493%9 ATNl9er & @eTa

Auanysnines, 2560) Insnanssaatnanaieidulunindszney 14

Sigmoid Function o(z) = L=

1.04

N
5 0.5

0.0+

T T t r .
-10 -5 o] 5 10
z= Y wx; + bias

nilsznau 14 Werdulasann
ﬁm: Puja Sengupta. (2019). ORIGINAL RESEARCH PAPER CONTINUOUS
MONITORING SYSTEM FOR ANALYSING VEGETATIVE STATE AND COMATOSE
PATIENTS WITH THE HELP OF SOMATOSENSORY EVOKED POTENTIAL AND DEEP
LEARNING (@@uimf). AuAuaN https://www.researchgate.net/figure/Fig-3-Sigmoid-

function-graph-Courtseylntemet-sources_fig3_330761350 [25 Wi INAN 2564]

AN NLsznal 14 Laaan13aianiaiuen Taasnnazaiansmiaawen
e fit gadayalifid1iu sigmoid function Fannsfaziszanmuenladnenils aunsovile
neinn91e1A1 x danlului ey naaaealaagmndin1nndn 0.5 Aazapilunu0s meniu

¥ =3 o

AndfRaramdudnunan 39 Logistic Regression @1:19091lANNNNI WA LN U321
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29I AITDIUA 2 AanHauiu Tneauaunguaessaulsmnuil 2 nguazrEandn N1 Ay
paunmnealadaafin 2 N4 (Binary Logistic Regression) aMuaunguaadsauilsniuil 2

nguaz FunNNsatAsziRaunnnastadafnwing s (Multinomial Logistic Regression)

Support Vector Machine (SVM) pifudanasnulszinn Supervised Learning Tagl
1w Scikit-learn @1su1snldvielunisauun (Classification) wa e Regression @9g81ilu
Regression a2 38141 Support Vector Regression (SVR) Taganudsailiiuuuunisaiwun

auaanlddanesny SYM Insauanana waessanasny SVM senwisznau 15

Yy
/ hyperplane
@
(=]
@ = ®
@
@ Fia) 2 ®
Q - *
® o

nndsenan 15 wams Support Vector Machine

i11: Noel Bambrick. (2016). Support Vector Machines: A Simple Explanation

17

(@@uvl,mf). AVAUATN https://www.kdnuggets.com/2016/07/support-vector-machines-

simple-explanation.html [25 NOEINIAN 2564]

ANAMsEnan 15 AzuARINANNET8d SVM AansiinAaedngudayan

1 v
' o

aF9aeluiunzendn Niaesa s (Feature Space) aMntiisunnsywruiiiu (Hyperplane) N4
o : . N i T
wisdeyangu (Class) aananniu Insazafrguuananga lunisuiangs Geazing lnidu
uis (Kernel) lunsdlwiunalovsesios Hadunlduinguiaya Inenuidbiiazaula
Kernel Mlul Uy Linear (kernel = ‘linear’) @aiilunisafquuuduns lnsazuana Kernel
T wuy Linear (J SreeDevi, M Rama Bai, & M Chandrashekar Reddy, 2020) latlans

finagng lun nisznay 16
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SVC with linear kernel LinearSVC (linear kernel)

Sepal width
Sepal width

&

o

Sepal length Sepal length

ANUTENaL 16 LAY Kernel Wiy Linear

#iun: Scikit-learn . (2016). Plot different SVM classifiers in the iris dataset

12

(@@uimf). AVAUAN . https://scikit-learn.org/0.18/auto_examples/svm/plot_iris.html [25

WEINIAN 2564]

Linear Support Vector Classification (LinearSVC) A feaseilglely
nsanuunlszianang Tag LinearSVC Anwnailmafiduuuy Linear (kernel = ‘linear’) Lag
ag lugluuudwnesnonwe fuNgTuuuLMaEAa 14 (Multi-Class SVM) Tnenialiluda svm
Wlusawunl sz uuuluwds (2 Aang) LLﬁi’Lumiﬂ?:qﬂm‘H\ﬂm‘%q&u MRS a1
ARNETNINNAN 2 ARG 9n19%1 15 SYM anunmun i iudy vavanaaana (Multi —

o a

Class) ABN1999% SYM iy lUsN 3 g8 uaanns one-versus-rest 1ae3an130d11n19

1 2
= A o

fansniIAaala Aa 1A NN ELALAR 1@ B 7 Niaeiauum (Suliana Sulaiman, Rohaizah

Abdul Wahid, Asma Hanee Ariffin, & Che Zalina Zulkifli, 2020) Tagn1MuARIAIRAL y

AMNANNNIN 6

yvi= +1, x,€Crumaz—1, x & Cy (6)

e C, Aananalanaranilsignivatsnnluusiazass Te 1< k< K uazgn

v
WANTUWRNNANNARIEATUIN K A4

Random Forest \lunilalunguaesluwanizendt Ensemble learning lag
a 9 o v dll ¢=ll 1 ¥ o 1 o 2 = v
maEeufiuy Ensemble axyiauliauuRenlandy wnagvinunausa sinas fdaqGaus
1 1 1 14
aehaflugaszraniulininiign @9 Random Forest iulninad ldiuguandulising ula
(Decision Tree) Tnanflunismsulumaniuiauiunane < As9 (Ma e Instance) o el

wanmsae afwimaanduliindulavate o lmates (Faus 10 wFanINN91 1000
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e a) Inauwsas unala s Data set IwiNousi @91l Subset 994Data set iaunm 1ol

Tudumawn1miwie (Prediction) azlduma v aullsimanla nanmuns ludaunassiaie
. . Y 4 . <

WAL AU LA TRINTNIUILAQEN13119A (Vote Output) NaNgaNNTunadans lnaay

Fandn Bagging 38 Bootstrapping (Baoxun Xu, Xiufeng Guo, Yunming Ye, & Jiefeng

Cheng, 2012) asplaatinanwlsznay 17

Wuax

R . /‘ i data s/et 1 \

Voting ——= Output

Decision Tree Il
oo Q, , 0 @
- D —
\'*fl—)» —_— Wi Sampled data set "
ata set
Q‘fi% <P
< Decision Tree Il

Sampled data set m

nndsenal 17 1ann199n Random Forest
‘ﬁlm: Witchapong Daroontham. (2018). \a1¥an Random Forest Part 2 fﬂvﬂ
Decision Tree, Random Forest, Llay XGBoost (@@uimf). AUPUATN
https://medium.com/@witchapongdaroontham/random-forest-part-2-of -xgboost-

79b9f41a1ctc [25 WEBINIAN 2564]

3.9 Confusion Matrix
m1919 Confusion Matrix 119797 M52 1 8uN199 U2 ANT AW ARINITLUN
p 4

daya (Classifier) Inelduariaung (Prediction) WieauiauniuA1ass < (Actual) T9azuan

mmmmfaammimm g‘ﬂLL'LI‘LI‘lI@\‘I Confusion Matrix LL@@QluﬂWWﬂizﬂ’ﬂUW 18

Predicted Class
Positive Negative
= True False
2= Positives Negatives
=i (TP) (FN)
E = False True
= =, Positives Negatives
= (FP) (TN)

AUszneL 18 waraEIngInlsz@ansnin (Confusion Matrix)
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Aun: Vipul Jain. (2018). Idiot's Guide to Precision, Recall, and Confusion Matrix
(@@uvlmf). AuAUAN : https://www.kdnuggets.com/2020/01/guide -precision-recall-

confusion-matrix.ntml [27 WOHINAN 2564]

. . IS [ % ' A 1%
A NN sznal 18 Confusion Matrix H#ANNN781UAR A MNAARA NULUILAULA Y

R Tnameduviuouen Wunadng (Class) Aluaavinuneldinihesls dou
Aed Ui Ag 1T Class, a0 (Label) u?wmmmﬁ?q 1 1RIAMAGAL LAZANNUNNELL
WAinETad W Confusion Matrix H6aH

True Positive (TP) A f-ﬁwuqmmiﬂgawmmuﬁilumma Positive WAz IHLA AN
lagneiasdnlu Positive

True Negative (TN) Ao s1uautesdayannaaufidunais Negative uazluina
uunlagneiesdniu Negative

False Positive (FP) A8 fﬁﬁuqumm%g@mmmumﬁ WuAana Positive WazlulAa
UUNRAINTU Positive

False Negative (FN) A® A uauaedfaya nag aufililiflunana Negative uaz tuna
uUNEAITL Negative

Tnedan TP uaz TN S9gefler wansinduunldgnies dau FP uas FN AnEemnt
AN T UANNR ANA1ATBINTI IR U LAZAT TP, TN, FP 482 FN @ 11301 N1 AIWI 0

Weilsyidiudsr@nsniwnisanuundeyaaasluma (Rivera, Florencia, Garcia, Ruiz, &
Sanchez-Solis, 2020) neinlilazisenavull@as Accuracy, Recall, Precision LA & F1 score

TpaguInA e masialil

Accuracy A8 dnd9uitlafiiudAaINgNABY UNIBDIRUIUTANUUNYNE DA U

Mnnpvielsziiudss@nsnmnisauuningmuaesynaanaluluma azuansssauniai 7

TP+TN
Accuracy = —— 7
Y = TPITN+FP+FN 0

Precision A9 AYMNLNBEINANIIRLUN HWA12TR AN LHUEINITNIUNEAANE

¥

Positive InaiAuansliaInn s dnandauaesnisvinuadignaea e auiudeyangnsas

a

q39 (TP) miﬁ’qmquﬁLﬂu@?ﬁw”\mmmmﬂi’mﬂm?\i (TP + FP) Azu@A4AIANNNIN 8
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85914 RN gnFadL e e LT LT ey a N NAeIas (TP) MN3AatIANINWNEE)

u
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ONABTIINNA AzUAAITUANNIIN 9
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Recall =

F1 score A AMLAAILIZANSAN Taein191n Precision fu Recall 813

1 dl ¥ A 1 = a a = dl
ATLRAE DTNAZN d uansnlunatlssdnsning azudansluaunisy 10

2(Precision)(Recall
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Category Uni-gram Top word Frequencies
‘WELLNESS contributor 1899
TRAVEL contributor 1895
PARENTING contributor 1828
FOOD & DRINK contributor 1573
HOME & LIVING home 1076
BLACK VOICES black 1040
QUEER VOICES gay 969
POLITICS trump 830
STYLE & BEAUTY fashion 645
PARENTS bologna 547
COMEDY mcdonald 523
HEALTHY LIVING health 427
BUSINESS business 388
ENTERTAINMENT new 341
SPORTS nfl 279
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Category Bi-gram Top word Frequencies
QUEER VOICES michael nichols 354
POLITICS donald trump 275
STYLE & BEAUTY sure check 240
PARENTING contributor author 234
WELLNESS contributor author 203
COMEDY donald trump 194
FOOD & DRINK food drink 186
TRAVEL contributor contributor 162
HOME & LIVING craft day 142
BUSINESS 247 wall 122
BLACK VOICES ofari hutchinson 75
ENTERTAINMENT oliver whitney 71
HEALTHY LIVING huffington post 68
SPORTS super bowl 63
PARENTS contributorwriter blogger 46
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191 UAININ N UTL NAL LA AYAN 21 ATUAULINA NN AN UB L9 LN LA LNAQN Y
FNTINNANAIAINNF I Sampling Algorithm lunsudtymdeyaniauna (imbalance)

AagmATiA Undersampling, SMOTE waz ADASYN lasuandlinindsznay 28

Sampling Algorithm None Undersampling SMOTE ADASYN
TIUIULNANULADE class 26259-3230 | 2,444-2376 26,191 27,090-24,781
VIUIUUNANUNINUA (Train set) 114,196 36,000 392,865 392,772

nndsznay 28 NTNUAANANUAULNANTINAI LT Sampling Algorithm

4.3 NANITNANRIANNNITNAR AU LUTRANENIN

4.3.1 dANITNAADY

TwimanidsaEzeatisias ladn U ansnnaedlumalun19n wn e Lnaes

a
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wFauneaudssdantninaaaluina Nl4lun19a7 LN Usinnang #28n1991 Feature

[

Extraction 72%4974 TFIDF way BOW laaTuima nvinnisulennyieslatn Multinomial Naive

Bayes, Complement Naive Bayes, Logistic Regression, LinearSVC a¥ Random Forest

Tnsuindayaludndou Test 20% aaadayaninun aslasaainisdinasilu default

U
9

antdu Tuina Complement Naive Bayes 11613 alpha (111 1 F9NaaINN15RA e LA A ag i
guUuuL Classification Report fiazuanaAsin < I Accuracy, Precision, Recall uaz AN

LAPNLTZANENIN (F1 score) TALNATBINITNAABNATWAAIAININLTZNEL 29
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Model Classification %Accuracy %~Recall %Precision %F1 score
Multinomial Naive Bayes 80.83 77.85 76.98 77.32
Complement Naive Bayes 77.20 67.58 80.38 70.23
Logistic Regression 82.48 78.22 80.46 79.26
LinearSVC 80.28 76.15 76.84 76.47
Random Forest 78.45 71.95 78.02 74.34

TFIDF
Model Classification % Accuracy %Recall %Precision %F1 score
Multinomial Naive Bayes 77.20 67.50 80.80 71.40
Complement Naive Bayes 75.40 65.40 77.10 68.00
Logistic Regression 81.80 75.50 81.10 77.80
LinearSVC 82.20 76.70 80.30 78.20
Random Forest 78.10 71.10 77.60 73.60

nndgenal 29 HaaNsaINNIIAAaL A INLARTE IS TFIDF way BOW

AMNAMLIZNAL 29 HANILBFULNLUILIINe TFIDF Lay BOW wiuladn

Tuima Logistic Regression Nldinaiin BOW danilsz@vnsnanlunisauuniszinniings
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unuendszinmanneae 3 luwanaeniildmatia BOW Tagnavrean1snaandaznam

Testset 20 % aqazuaaIaan mlsznoy 30

Classifier (BOW) Sampling Algorithm | %Accuracy ‘ %Recall ‘ %Precision ‘ %F1 score
Undersampling 78.20 78.30 78.40 78.20
Multinomial Naive Bayes SMOTE 8032 7120 7655 7189
ADASYN 80.41 78.34 76.45 17.26
Undersampling 78.40 78.50 78.60 78.50
Logistic Regression SMOTE 80.69 77.63 77.04 7731
ADASYN 80.48 77.28 76.71 76.97
Undersampling 74.30 74.50 74.50 74.40
LinearSVC SMOTE 79.24 75.76 75.15 75.43
ADASYN 79.10 75.66 74.96 15.28

A mdsznau 30 naansaINNIIngaLaslulaagE I NAeLnAtlA Sampling
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AnuaaNENNLsznay 30 azminledn Sampling Algorithm #ldmaiia
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Extraction aqtl Bag-of-Word (BOW) uazvinnsuiidayai liausnaluwsilssnniinmas
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maaenldmailn BOW uaziaaniuma Logistic Regression 11911113 SMOTH 18394834
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headline = "Ariana Grande Unveils Photos Of Her Dreamy Wedding To Dalton Gomez"
news = "Adam Weibling, a 38-year-old Texas man, made no secret in recent months of his contempt
print(logistic_model.predict([headline, news]))

[ 'ENTERTAINMENT' 'POLITICS']
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suunl@ifli Entertainment WA Y Politics 1A en iy MAu sl <n s’y faiaatig

Anisznau 32

HUFEPOST POLITICS ouaomon om0t pm ex
He Called FBIl1 Agents Nazis. The Fe
Arrested Him For Storming The Caj

In multiple tweets, Adam Weibling defended the Capitol riot and described its
participants as “patriots” and “brave.”

By Hayley Miller and Ryan J. Reilly

h‘ Creativity starts with you.

ENTERTAINMENT 0525202125 o 1) Updated 5 hows g0

Ariana Grande Unveils Photos Of Her Dreamy
Wedding To Dalton Gomez

The *Positions” singer revealed the first images of her stunning wedding dress
and looks so in love with her husband.
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precision recall fl-score support

0 0.67 0.64 0.66 906

1 0.69 0.67 0.68 1187

2 0.70 0.71 0.70 1035

3 0.84 0.81 0.82 3212

4 0.83 0.85 0.84 1245

5 0.66 0.64 0.65 1339
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7 0.72 0.76 0.74 1735
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