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KANINARD PONGSAKSRI : SENTIMENT ANALYSIS FROM COMMENTS BY DEEP
LEARNING. ADVISOR : DR.ADNA SENTO, 52 PP.

Analyzing data from public opinion on social networks such as Twitter,
Facebook, etc., has become essential for applications in fields such as marketing, politics,
etc. in particular, the task of forecasting the positive and the negative emotions from the
user opinions on social networks to improve products or products has become highly in
demand. Therefore, this research presents a deep learning model combined with natural
language processing (NLP) for the classification of the positive and negative sentiments.
In this research, an algorithm (algorithm) for sentiment classification from commentary
text was designed that consists of two main parts as follows: The first part involves the
data preparation process, including data cleaning and feature extraction. After the data
preparation step, the textual data will be in the form of a dataset with each word or
sentence transformed into numerical vectors. The second part is the design of the
learning model using a mixed deep learning model combining CNN and LSTM algorithms,
working in parallel to utilize the strengths of both for maximum benefit. At the end of
this research, experimental designs were also conducted to prove the efficiency of the
proposed algorithm models by evaluating the accuracy after training. The results of the
deep learning model experiments presented can separate sentiment from text with an

average accuracy of 95.84% from the entire test sample.

Graduate Studies Student’s Signature........cooeoevvviiceenen,
Field of Engineering of Technology AdVisOr’s SigNature......oocceeeeiieeeiriseceiennns

Academic Year 2023



ANANSsNUIZNA

a a ¢ o Ao & ' v Y al Yo o = sl | [

nerinusatulidnsaaaslamedlaelasuAuinwainensdiing as.dau
wulfiy 91NUE5IUNTIUNITADU TINAIDITEYNVINunTLAGe N o Ay Alareeli
Auuzuarlinnudiewmioluynduneuveansinideasaiiiuedned welimideatuil
fAnuseuTegauy el

LA YRTYDUNTEAMND Wil ATEUATY wagiaus nvitunreglidiaslalvmusny

Y o a v o = ! Yy a

wagatuayunMvieideaudssaunadisagasiulacies

o

AIUND WIAFNAFS



GUEITY

UTIAREDA NI TIIIE oo sesssesseessssess e e sseseseeseessssessesesesssesseseseesseeeeeeseseseseeeeeeeee

UNPRGDATVE VDTN eeeeesssesseeesssssssssss s

PN TTHUTEN NI .ot e e ee e es e eeee e

BVTURY v et s oo

AVTURURTT N oo e

BVTURITU oo oo
UN?

T . Y . 4 T e

IR VA lTEa T e 4 T OO

1.2 TOQUITEAAUDINTITITE oo ssssssssssss s s esssss s

1.3 YDULURUBIITUIVE oo seesse e seeea st eensnnees

1.0 WATONNINVZITZU oo

15 AAURBUNNTITE oo

1.6 WNUSTULAZTZHZLIANATTUNTT cooveeeeeeeeeeeeeeeesseesseeseseseee e eeseeseeseeesesesseeee

T T Rt o O a1 1 Y

2.1 MTURITUUTBLA .oorreveerresssieeressnesssessssesssessssess s ssssssssssssssss s essssssses

2.2 MU TR ITO9 oot

C o YN RO . W Y oS e

3.1 ATOUADNUBR oo ettt

3.2 FUADUNTINIAROT oo e e

3.3 NIIA UM TITUUABAUTOYB oo

g e TR LY . W



a 4
unn “un
4 NANIIANY AL ATTOAUTIIHE oo 27
A1 NANTTNRNED ittt ettt ettt ettt eseeeseseseseaes 27

ayunauavdalauouuy ..



A1305YM1579

A5 Wi
L1 UNUOULAETZIZIANANTUNITITY weoserrrnerrneeneeesnersenesseessenssssessensssnesnen 3
4.1  3eUarANNABIYRINANT 21TUAANUIANUINUAZAY ..coec.en 27
4.2 @1 F1 Score YBINANIING FUAAVIUIANUINUAEAY e 38

A

fulags
a gy
b&



2.1
2.2
2.3
2.4
2.5
2.6
2.7
2.8
29
2.10
2.11
212
L
2.14
2.15
2.16
3.1
-
£
3.4
3.5
3.6
3.7
3.8
3.9
4.1
4.2

d13Usy3U

CaN

WAUNIWLAAINITA U TUUDITEUUNIT oo

e

1 v

AIDYNVBLANY SENtIMENTLAD w..oooiciccccceeeeeeeeeeeissesssssssssesssssesseeee
FIDYNUOYAAY TWEETS AITN .ovrrvvvrrseerrestecreseeerseeresseeesssenesssesssseeessseseees
F0819VBUARY UNTANTUATNIUAT IMDB s
Natural Language Process PIPEliNg .......cceviiciiiiiiiieiccecce s
WOrd EMBDEATING ...ceeiiceie ettt s

LONG SNOM-TEIMN MEMIOTY w..cviieiiiiiiieieieieie ittt ettt sseeeeas

Convolutional Neural NETWOIK ..o
MOAEL CNN-SERLIC vttt
NANITNARDIABZUUUTIAD oo s e
Model ArchiteCture UBIUUAVNADY c.....ovveieceeereoeeeeeeesseeesssesee oo seeseessssessensesseeeeees
Feed-FOrward WD CNN ..ottt st naes e
Model Architecture YUBIUUTIADY ..........ooerevvesssssseesssssssssssssssss s
Layers UBIUUTNADY M-HYOMA ...
mamaaqmmmjué’waamei’waaqﬁugm WAE M-HybFd. oo
RNINFIVIOTELY.........cooueuenenensnanass: sasssnsnsseseeoeeeeranssnsasns ssnsmasanasasass - 0e8ansnsnsnenanak. .. daasasansnansnsnonsn
Lol R D N ), Y BN B .
ERENESC ... . N N B BN U WP
CNN-LSTM MOEL et
RIOposed Model==" e ..ol L T e e Y
Tasaa19eslunan I3 o UL BB MU UNANNAN UMD 1o o
I NTDUARUFIMFUNITNARD ..o resiirsessssnesses s sssssssssss e
U TTAUTUNITITE oo eses et et
DY MUY AAUTMATUNTINAGDE ceierrrerrreeensssseeseerssnesssssssssss s sssssssssseses
NIINVBINITNARBIYBIDANEINU RNN Meyavaa Sentiment1d0 ...

NINVBINTNARBIVBIDANETNU RNN feyadana Tweets Airling ...

&

YT



4.3
4.4
4.5
4.6

a.7
4.8
4.9
4.10
4.11
4.12

4.13
4.14
4.15
4.16
a.17
4.18

4.19
4.20
4.21

4.22
4.23
4.24

#1503 (0)

Wi
N3MYBINTNARBIYDBANDINN RNN Meyadaya unInsalnmeuns IMDB...... 28
m1374 Confusion Matrix ¥898ana39is RNN algyataya Sentiment140.............. 29
#1579 Confusion Matrix ¥838ana3#yu RNN sagyataya Tweets Airline............. 29
1374 Confusion Matrix ¥8s8ana37ia RNN srgyadeya uniasal
DVNEURT IMDB evrrsrerrssensessssssssssssssssse s ssssss s 29
NIINVBINITNARBIYBIDANEINY LSTM pIgyataya Sentiment1d0........oe.... 30
N3MYBINTNARBIYBIBANDINU LSTM feynvasa Tweets Airline..........ccccue.ee 30

N3MYBINTNARBIYBIBANDININ LSTM sgyatasa UnIansalnmeuns IMDB..... 30
M54 Confusion Matrix ¥818ane3iy LSTM meyadesa Sentiment140............. 31
1579 Confusion Matrix ¥838anesiiu LSTM seyatesa Tweets Airline ......... 31

#1579 Confusion Matrix ¥048ana37 LSTM fmgyataya uniansalnineuns

IMDB S ... oo — .. S ... Yk " 31
NINYDINITNARBIVDITANDITN GRU AILYATRLA Sentiment1d0 ... ...owwnc... 32
NIMNYBINITNAGBIVBITANEITIN GRU fiegntaua Tweets Airline ... 32

NIINYBINITNARBIYDIDANEINU GRU Mmeyatoya unInsalameuns IMDB...... 32
m1574 Confusion Matrix ¥818ane3711 GRU Meyavaya Sentiment140............. 33
m1379 Confusion Matrix ¥848aN37u GRU Meyntaya Tweets Airline.............. 33

#1579 Confusion Matrix ¥838ana3iu GRU sigyateya umiansalnnguns

B .............. ... 0. N 33
NIMYDINITNARBIYBIBANDINL CNN-LSTM meyateya Sentiment1do............. 34
NIMNYBINITNABIVBIDANDITN CNN-LSTM feyadeya Tweets Airline ............ 34

N3NVBININARBIVDITANBTNN CNN-LSTM megntoya UunInsalnineuns

m1574 Confusion Matrix ¥838ana37ia CNN-LSTM mgyadeua Sentiment140... 35
#1579 Confusion Matrix ¥838ana3#iu CNN-LSTM sneyavasa Tweets Airline.... 35
#1573 Confusion Matrix ¥e38anas#iu CNN-LSTM shegadaya uniansal

DAINEURST IMDB oo 35



4.25
4.26
4.27

4.28
4.29
4.30

#1503 (0)

Wi

nsMvBININAABIvesSane LT EueEYateya Sentiment140................. 36

n3MvBININnABIveSaneITTiEuesEYateya Tweets Airline................. 36
nsMvBININnABIveSaneTTlEuesEyateya UAnsainmeunS

IMDIB ...ttt 36

m1374 Confusion Matrix HAWBAIEBYATBUA Sentiment1d0......coocrrcerrrccrcen 37

m1574 Confusion Matrix aUeAI8YATBLA Tweets Arline ........coccrcecrrrnee 37

#1579 Confusion Matrix Wi@ueYATaLa UNIATAUNNEUNT IMDB....occcccen 37



UNN 1

UNu

[

1.1 NULAZANEIAY

]

VY a

n [1] ldlvdeyaneiunginssuverusinalugadagtunlivemansdsossulay

]
wnu niewiliAnmsinsaiaudlundguduiladug Adeuasuuledeifosniun
e frewmiihliiansiraulavesusinaredudlan deuniadentedomssudiianal
vosdudau Tuminduiudnanduifenmnsoimunaudmomudensidiosaivdiu
inUiuUsasianmuAudwesiaednie waztagiufiluisesiuiusganevneinns

s Ve

s wianuiAniuiusglevdegrannlunmsanidufanseiueng W seuuginiglnsesuas

o))

=

AeudisY JuibieninsofinyPuAndiLTeIgnANBlNSATUAYUaNATTIATW a5 IWE s

()

=l

ATu seUTUUTINagnsNINMIAaAiefweanAlya anansalinsiwsgvanuianieasy

RUBEREY)

rnsAniuvesliRsIfumnMsalvE ondnsTaust nadwsuesmTAeesianansadelvlisutoya
Fdnnntudentummadaviornudaiuregnitisiumliigpamvnisy dwaliiin
mAdendarufsfunumsasuuiaesaunmwguiteitamenududeuvesdoyauin
Tngflunlduilfuduedredediies Wenswannauiunsimaannsineluldludaumes
msvgnemsieneirasanlugnstdauiivarnvanglaiiezdushuguam [2, 3] Frunisiu
[4] AMUNTIATIERNITAER [5, 6] LLazfii'uq [7, 8,9, 10] ?iﬂlﬂﬂdwﬁ?uﬁalﬂmumﬁ msﬁmmﬁmfj
aSumATuRniumTrTginginsmvesiilannnenuAndiuisanuinsaliuusalusia
mﬂﬁuﬁaaq WUy et [11]
Tneiluaavesnsidousidedndusdundouliifinnidedivssavsamauntuls
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ﬁamiL"%sluil,%ﬁﬂﬁﬁmmmmmmﬁaﬂ’jﬂé’aﬂasﬁuﬁuau (ﬂ'liL%‘EJui?uaqm%q LU Support
Vector Machine (SVM), a9 euuiug wiounudsmssnaule) wewnlgmmfenogrannug
duiliAnnisiannddlin TulbeanisdoudiBdn audnuesine wwldfumatouiuasi
Yoyalnednlud® vlrldeuutusmasyssavsamiiaiu TnevlumsBeusidedn indedne
UssamiisnnaznsSeudidednlutiagtuliuamaudlaiidiandmiutamunninglusuns
Snmuades WuiReatunisssnananussased Ingluidetind nianadanisous

aanTeiluazdeneagun 2.1

[ B / - Sentiment
1 Token | |Lemma
1\ &
1 — -
TEXT [— N 7\
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& &
1
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2.1 Mamseudaya

2.1.1 yadaya (Dataset)
2.1.1.1 Sentiment140 370 Stanford University [12]
\Hudernuinifeafunansusisuiu 1.5 dundviauaylsszye

ANNIANTVDIHINTAAUAY haTAIUUIN

review sentiment

1 This is June 17 but where's the Iphone 3.0
2  Hope to see the Peace in my Homeland IR...
8 sleeping alone tonight
4 Chemistry again
5 : for future reference: never EVER read plot...
6 . I really don't like the fact that Leah will be ...
7 . | want an iPhone reallyyy badly
8
9

can no longer remember what it was like t...
is going crazy
10 is sick as in in bed and not at work

Q0 o O O o o o o ©

sU#l 2.2 fegsdioyafiu Sentiment140

2.1.1.2 Tweets Airline [13]
& o o Ao a @ v o 1Y) a @
Jugateyaninndanudaiuvesgldineafuaenisiuvesansy
= v A [ a o 1 = ! v ! 1 < e
finsrusindeyalusieunuaius 2015 dee1e 1 viiluninfieds wagiusesniduausdn
Weau Wunans wasidauan ddlunsnageuilifawiahunldangdiuvesdeyanisinsa

niipusAniluuinuasauiiiu



review sentiment

1 - @VirginAmerica it’sﬁly aggressive to bla. .. - negative ‘
2 ' @VirginAmerica and it's a really big bad thi... negative
3 ' @VirginAmerica seriously would pay $30 a ... negative
4 @VirginAmerica SFO-PDX schedule is still negative
5 ' @VirginAmerica | flew from NYC to SFO la... negative
6 - @VirginAmerica why are your first fares in ... negative
7 - @VirginAmerica you guys messed up my s... negative
8 7 @VirginAmerica status match program. | a... negative
9 - @VirginAmerica What happened 2 ur vega... negative
10 ‘ @VirginAmerica amazing to me that we can_.. negative

¥

JUN 2.3 fregretayasiu Tweets Airline
2.1.1.3 ymansalnweuns IMDB launain Stanford University [14]
gadayailiinnufndiuandvuieiuisessivesnmeuss § 50,000

N11E9819 FawUuduuinkarausiuiy

| 1_ One of the other reviewers has mentioned that after watchi... positive
N T A wonderful little production. <br /=<br />The filming techni... . positive
B —3 | thought this was a wonderful way to spend time on a too ... | positive
B 4 | Basically there's a family where a little boy (Jake) thinks th... - negative
5 | Petter Mattei's "Love in the Time of Money” is a visually stu... - positive !
6 ' Probably my all-time favorite movie, a story of selflessness,... . positive
7 1 sure would like to see a resurrection of a up dated Seahu... positive |
8 l This show was an amazing, fresh & innovative ideainthe 7... negative !
T —9 Encouraged by the positive comments about this film on he... - negative
_ 1_0 | If you like original gut wrenching laughter you will like this ... | positive

JUN 2.4 fegretoyany uniansalinmewns IMDB



2.1.2 ﬂﬁzmumﬁmm%wﬁazﬂa (Pre-Processine)

v
v v A 1

shietiagnanisiuneureimsinwendoya Dataset) rounmilutloulit
fulupansFoudiddniodnuenanudin luefnfiiunsstoudoyalinasiituneusgisie
laun nslvandeya viheruazendeya nisvirszuaduiuay (Bag-of-Word) usilullaguuls
finsitmnduneuiiiieliussansvesmailuligaiuidsuudeutuneudmumasion
Yoyarwteluil maussdnsslon (Sentence Segmentation) —> Mg (Word Tokenization)
— nsfuvnuTtluusiagen (Part of Speech) — MSAWNIINYBIR (Word Lemmatization)
— msdauenfililimiunm (Stop Word) — msfumenuduiussewinnd (Dependency
Phrase) — M3AumMA UG — nmaruiite@enlesiuaumineg (NER) — nsumen

ATTNUY FITOUAAGIIFUN 2.5

inpul Natural language Process Pipeline Output
n1suLe Ak maion
e s MEAUMY MaAunY nmeARuun WA aasion mMafum A
Text e A i iu 5INVIIAY Frfibile fnius Pt oo ASSWU Data Structure
Docinant. — '] (Ser‘ﬂ {Word UAALAY (Word A sewirel Tuerfiu (Coreferen — Representing
iukind Tokenizali (Part of Lemmatiz (Stop (Depende (Nt ATV ce
Segmentat Phrase) 3
ion) on) speech) ation) word) ncy (NER) Resolution
Phrase) )

gﬂﬁ 2.5 Natural Language Process Pipeline

2.1.3 As¥UIUaInLse9An (Dense Embedding)

dloldwsoud (Word) Wufideudesuds antulimmusdisedaedaay
mudfuresluysloaioasadudunelitulnsmisussamiisadneandondde il
ms‘iLm’]zﬁiu‘[uLmamiL‘%suﬁsuaaLﬂ‘%'mL‘%'aaﬁummiﬂizmawamqmwﬁwLflu
feslasternuliduiiaudunau ImaﬁalﬂmmaaLU%'EJ‘ULﬁauﬁuﬁumwmwﬁé’ﬁwmﬁ

\isiauuy One-Hot iawUasnadnuaeiidunuinmydudiiay Jan1shsvakuy One-Hot

v

vAluteuandutaanutiurinlvdesas s neus i IuNISITTaafusuta Ay

Y q

14 o/ (3

AvayafIegaumndAENY 10,000 A1 liAAMaNYY 10,000 18NSVl

2

v
< v o

aiuralnguarUsyans nmmaedunaandial nszaztudndudeddtunauisdmiuns

e o

=)

AmuaARuanvusuudoanulaelunvednauesnsifitedn Word Embedding &adu

1 (] & o Y 1 a a a ¥ [ d'
ﬂ’ﬁLL‘UaﬂLLG]EWF‘Y]LUUL’JﬂLmaiVl’ﬂ‘WU’]EJL‘Wll‘UiS?WIﬁﬂ’]‘WLLﬁ%ﬁ@ﬂuqﬂ“U@Haa\‘]@ﬂEUV} 2.6



Text

Classification from Text Comments

:

Tokens

"Classification”, "from", "Text", "Comments"

Y

Vector encoding of the tokens

0.0 0.4 0.0 0.0

0.5 0.5 0.5 0.0

1.0 1.0 1.0 0.0
Classification from Text Comments

sU#l 2.6 Word Embedding

Tnevtaly M3yt Word Embedding {unmsutasusazdndunnmesmiaung
el nnesuedndiuannesduing ndmFeuwuAeadTLS s neditunow
Buanmstruarakasua iR ualag gy snnusasUssloavasdeyad
suilulselealividuliidis o (msvih Padding) ielildnmesuunawinfu ndwintu
IfmusannnesHasNSTidoIms Tneal Word Embedding anansaesrstuldlaeld3ans
A199 Wy laseneuseaniiien wvsnduuuiivae wuudiassautiaziliy 189 Word2Vec
annsavialaluguuuu Continuous Bag of Word (CBOW) waie Skip-gram Ing CBOW tUuluina
fvinunestagsuiinmuasuiunnelugiduiiug Tassmneves CBOW Usenaudeduneii
Husnftegadulngds fu uasiosinarivusliidustagiu daududeu (Hidden Layer) 1w
st muadiaisfeansuansdtlagtiu d w3y Skip-Gram ssduluinaiivinunedilasseu lne
Insashaateasves Skip-Gram Usenousmeduns (A1laguu) uazmeasienanaiirua iy

Alaeseu dautugeu (Hidden Layer) Wusiimualiinisdosmsuansdintagiu

2.1.4 1assheuszamiien (Neural Network) uagdiuradansdig

ludruvaimsfnkenngutaniuagldlassisyssamiisuiuuiuginsed
i58n31 Recurrent Neural Network (RNN) iliasannilulasstieiivinilunisussananadoya

museuinliaunsaandinsiwInteyaneuninl Jagdu RNN - Tasuanutlendainig
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WaregonyiliiAalunalme wu lnseine Long-Short Term Memory (LSTM) wsoaziiu
GRU Husiuuenaniiédinuiss Wedunslieuwinnetorumnnmudindainaglilasnig
LSTM  iitedauendaaudaguil 2.6 Sasgneudetudunn (yndeyaiidutenm) duves
Embedding Matrix Gadudutuiifessudenadunmiiunssdondeyauds lnsduawosi
sdaivualiifinsouilednnudnuazfitanuvdnnisvedlassiguszamifiouluy
Convolutional Neural Network (CNN) ilerinunszuiunsiudadusaluandudu LSTM uay
dugavheaniulassuuuieuseriumun (Fully Connected Network) fifitugarineidiu
AanaFonihnei sl dumsEndIIN wayAm3Enay
2.1.4.1 Natural Language Processing

Natural Language Processing %38 NLP ﬁf’ugﬁﬁ@mmﬁ@dmm%m
Fun1sUssianan usssNvIAuunauus etonulnsnludRMelUswn Y

ANMISTINA mnefs Bmsiuyudlddemsiuuunaunuvie
Tomudsinudesinszuaunslunsiruuadldnssnsduieaiunmsdnnisteyauuudy
1AgNITUTEUIANANI WIS TIUYIARAUNAUN TS AAR TTIAUIULAEATATLUUTIRBINY
NINATVRIN UYWL ULUUT RN WERR Machine Leaming Uazkuud1aein1siseus
dadndamelulafdrdsmtuilireufinnefannsadszmanan winywdluzuuuures
Teyatonuvieides waziteiirlamnuvinefiauysalmenuuazauddnveiyanio

=
bYEU

ey

2.1.4.2 Long Short-Term Memory

Long Short-Term Memory %39 LSTM fglassuieUszamineuiuy
unduvianilafigniiauisiasentnain RNN #3e Recurrent Neural Network Favdnmssinany
193 RNN  Aethradndildannisiunndounduanldduduioyaviddnasaiilisnume
wues RN Aeanunsolideyanountilusfnvhunedsiiorninduluowasls wnus RNN 4
YodeAeannsnliteyadoumdiliifivmsresnmduy Fuonnnamnmesundeunds
flazanaadletoyalinmeninniudwililiannsadannemuudsunasmesnils

Aaiivild LSTM winsineamn RNN uenwiieannaasiaiisuazUssavisam
fannduite anuaansolumaivamuzronsiar Node Tlassneuszanmndisaliflelannn
ysUARaRLYEY Node Ul Fsenwannsniiowinld LSTM annsadwusldfedayatias

[

AN AT VRUATIAITALYNITA
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gﬂ‘ﬁ 2.7 Long Short-Term Memory

2.1.4.3 GRU
GRU gmilaiunsieganin 210 LSTM Fonmuludmweamsananududou
Tunshauvedlasaneussamuuu LSTM Tag GRU Tasinisananudugeu Tunsyinsiuves
lasstneUszamuuy LSTM lasnsanniisgeslu Cell wdowiiss 2 @ loun Update Gate

ey Reset Gate

Qutput
Overview Of GRU [:

[Gate]

[
hy. -
L fResel

NEW Hidden
state,

(Catel

Input, X;

5U7 2.8 GRU
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2.1.4.4 Convolutional Neural Network

Convolutional Neural Network %38 CNN Julpsangusyaniiiey
wuueoubgiusuunilslungy Bio-nspired  BsagdransmaNouiuvosyusfivesiiuiidud
dovuariinisdnuenandnuasosiufl W Contrast \Wudu Tng CNN Usznaudenisdiuan
Convolution yianeriuUsznauiy Activation Functions i1 ReLU vhlvianansaUssanarae
friusvesdayauuy Non-Linear fsarmanansniiosidlil CNN wndsanlasstneyssam
FenuuudunessiiannsofdoyaeudiusiBaiuifiisylovifumsussinanatagaguam
lansiin CNN mﬁ’]ﬂ’1’i‘lJizlli]awaﬂ’lwﬁﬁiim‘fjﬁaﬁuﬁ]ﬂ%ﬂjuﬁﬁUﬂ’]i‘ﬁﬂ Word Embedding lng
szdunnsi1 Word Vector filéinnnnsyin Word Embedding snvivgeuiunazUssunanalaiiou

Tudutoyaguin 2.9

. depth
-'/-.’-)O .6?‘-?&‘-'&';’;‘:' height
—— 3 - BEEEEN - =
output layer (9,0,¢ *.* by
i .L.A.A._L.“ Wldth
input layer

hidden layer 1 hidden layer 2

g’d‘ﬁ 2.9 Convolutional Neural Network

2.1.4.5 Word Embedding ¢ Word 2 Vector

Word Embedding fianisutasaddniluiuaulviegluguuuunes
Unit Vector Ing Word 2 Vector fislunafiidflunisadns Word Embedding 3sald38nssan
ﬁaLanﬁﬂﬁy’uq NUSUNLRgTOULarn15Un Vector 2 NN Dot Product Auagilunis
WAIAIAEIeTUYes 2 Vector daaBenldindy Point-Wise Mutual Information (PMI) et
SsEnnsavAAAEeTuYeI (Word Similarity) lé@eisa

n3ld Word2Vec awilunisasneliinaainnisyia Word Embedding
vanetunadadulieg Feasinsinlnonisuaiauainusualngifies (Context vse

Corpus) nammsaziunsawnlagedeusunlagsey
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2.1.4.6 Keras
Keras #® Programming Platform fiaundieldtuniv Python Tu
msafsluna Ineddnvauziiudeldnudeuasniwomldunsaiuayuaginuian
Google tnemsananeidu AP 1M351UVBY Tensor Flow
2.1.4.7 Natural Language Toolkit
Natural Language Toolkit 30 NLTK iduasesilefldlunsusvanana
nMwsssumAniaeluusenauludae Library  Aldlunisuszainanadeaulagld Apache

License, Version 2.0 Lag3995U4 Python 2 uag Python 3

2,15 N13933980UANYNABIUEIUUTIABINTS L UBEN

Metrics  idusrindililunsuszifiuauamnsaveshnnansisousidednia
vieuegnalstne sl inuseavsnmuedumaldegadotold uaglilumsiieudiou
sevndlumaiiuananaiulasae

flfaue Metrics ldoelunsasvaeunnugnaesvedliing

2.1.5.1 Confusion Matrix (sun3ngAINEUEL) Lﬂumi'mﬁuamﬁﬂmu%’aaﬂaﬁ
gnyiunegndesuaziianan anansaldlunisAun Metrics 8uq 16 1 Accuracy, Precision,
Recall

2.1.5.2 Accuracy (mnuusiugn) Srunudeyaiigninnegniesnsimediuoy
Joyartsualugpdeyavnaey sumnsdmivlymieaaiaadianuaunady

2.1.5.3 Precision (Auusdugilunisviiuneuan) Precision \udnsdiuves
é]’aasmﬁgﬂéfmﬁiumaﬁmwléf (True Positive) siostavuailnnavunesndunanatiug (True

Positive + False Positive)

True Positive

Precision =
True Positive + False Positive

2.1.5.4 Recall (muwiuglunisaseungu) Recall Wudnsdinuesiietad
gndisaiiluparinnels (True Positive) sievisnunvawiteg1esnilunanatiug (True Positive +

False Negative)
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True Positive

Recall =
True Positive + False Negative

2.1.5.5 F1 Score
F1 score umsiausednsnmeadunalunisduunissnndeya
lngAdafennuuug ey AUATOUARNYBMAYIYERIR Y 89 F1 Score WUAIMAINAN

Precision (A13iE) wawA Recall (AnuAsauAqy) lalneldgnsasdl

PrecisionXRe call

F1 Score =
Precision+Recall

F1 Score \{urfiogszning 0 fs 1 IngArnnuansfiaseavsnin
fvodlnnalunisduuntsziam lnefanuaunaszriteanuuiuguaganunsounay 91
F1 Score afiamuwinzaudmumsiauszavsamuadinalunsdlfianud1ayues Precision
Wz Recall winfiguiu

a o

2.2 ywAdeiineatas

LUUSI88 Continuous Skip-Gram %38 Word2Vec [15] {@u3sn1sifiuszansam
dmSun1sBusnsuanUaIeIINNeIAMANEWTIUTINA AN D I INBd NS uAE
AR g S uainn Tuumenuidiauedauenerneg Ataeiauvisanm
yesnnweiuazauilumsiin Tnsnsdudaesnsiilives nadnsaldsianusailanie
wagSoufarumnevessning uinntude uandifiuinaioudnsuansannosifdmsy
Aatfudududhluly

nsnAaesNsEIngEe CNN w84 [16] wandliiifuinuuudians CNN Wluidlesinsusu
Alewesmsfmesidntion Aaglsl Static Vectors MlvinadnsnsamBeslumsiausyavisam

7 gUduU Faguii 2.1
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wait
for
the

video
and

n't
rent
it

T — \ I |
Convolutional layer with Max-over-time
multiple filter widths and

feature maps

ook-uptableto get
dense representations
from one-hotvectors

yit
softmax ¢ L.l{l_ll

5U# 2.10 Model CNN-Static [16]

Model MR | SST-1 | SST-2 | Subj | TREC| CR | MPQA
CNN-rand 76.1 45.0 82.7 | 89.6 | 91.2 | 79.8 | 834
CNN-static 81.0 | 45.5 86.8 93.0 | 92.8 | 84.7 | 89.6
CNN-non-static 81.5 | 48.0 87.2 93.4 93.6 84.3 89.5
CNN-multichannel 81.1 474 | 88.1 | 93.2 | 92.2 | 85.0 | 894

JUT 2.11 HANNTNARBIFARZLUUAIRAEA [16]

UuunanWesu Facebook  dilaidunannsauansufjisenanusdnselnadvasliau
TumiansnsaisvesuTeneg [17] suTIntayadiuiniuy Word Embedding fiauinanasng
gatauadmsuaanIsaiuiselaneuiasiiniu Ingld CNN wag RNN shuiulunisiin uagle

saa o

NAANGNILDNIINITAIUNRANES 0.135

_V_CoreNLP
i ' Proccsscd]\
——— /| Post. 3 Emotion l
{ P;e- Mmer / =
proc: ssmg B
F;nglnal / | Linear ‘ i3 “
Post j j-’\_l_{e gressiol s
Embcddmg}\ ’
Space ~ Embedded CNI\ﬂ /
posL — e

GloVe

Mean

SU 2.12 Model Architecture %8uuus1aes [17]



16

nslduuudnaes CNN [18] Tumisduunussleatumiiiens vunlulselonfedoya
dAgydmsunmsvieudlarumvue wisULUY Feed-Forward 489 CNN tuliliiesnefiae
avvioufaladeienan weudlutedniail Tu Contextual CNN (C-CNN) Fauiisl RNN sy

WUUIBBIY MIALUUINARENLIaUSEINANAANUNLNEYIANS A UAN IR R oL LA

filter 1
|
slept
deeply ~ filter 2 —»
at
night
A filter 3 §
: filter 4 ' output
L) Jromi s e i, | :
1170 Recurrence UL SoftmaxT
v T ] ,
sentence matrix || filter size 3x4 | |4 feature fixed size
6x4 4 filters maps feature vector
Convolution¢ Activatioril T

—, Max Pooling
5U# 2.13 Feed-Forward %8s CNN [18]

flaostlyilunissiuwunusleaildwingan wildemsusuasuresinilivangay
uazdneesreseiunaliiannadnngluadstoyaidegniily [19] Hausidnsiinystlon
Uaeuitaiadusziusnuszautianmsdadewitelideyaldauysal iledanisiuasliauna
vosteya Fufusdnififnusunssieeimilwesssloafiaisdunuuudy Wumndeyal
wuudaes NN Tdfindlath CNN- Arinumsfindudlldnuiudeyasiefnuinfienuudug,

1NNYU
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Pre-training Process
—— Pseudo-training Dataset Generation Convolution!  Convoluti Fully-
. ion2

[-Buuw.xm —t Vi
-~ Datmsot_J ama didu fmgerfucke s wm nfd I One-hot [ Labet: 1 1 | B )

Aandom - ;

Character ‘r—{ i | [ 9:9:9. ‘
|_Generator | 1 ayo lrp zarvphg naes. aenhuw - I..abe! 0 S 1 i

[ Transferring CNN. Fslte:s
_ Real-training Process |-

\ & 3 — you truly are a mental mldget. TabeE -
Fo || wwwenwmenonne b Ny } O

Sentonce |
| Datmsat | L. ya and feed him more chocolale l.ahe! o

S 041ttt G 20850 8 1 1 M A malrb: Fully-

DOﬂvolulmn1 Convolution2 i

SU7 2.14 Model Architecture ¥9siuusaos [19]

vuuwaanesNluTuatineag 1 Twitter Wag Facebook fin1sldauegsumamalay
09AngieY LileiisessSumuARiveEliUs SR UanuMsal nnNTel NARAAT
wazUins faunisdnussavarindiudatunumddylumsussfiuvenuAaiuse sy
U3m3 [20] Iauewuusiaes Novel Hybrid Deep Leamning #5313 Word Embedding #7149
(Word2Vec, Fast Text, Character-Level Embedding) 33U Deep Learning fivannmans
(LSTM, GRU, BILSTM, CNN) Lilonsaaeuussansnmuaauuusiaesing Sedinsadauuy
ai’waawmaLLUULﬂumuﬁwamﬁugmﬁm%’umi‘mmam TnelUSauiis uusiaguuusiaasiion

s
'Jﬁﬂ']i‘VlQulﬂN’ﬁaWﬁVlﬂ‘U‘u

| Character_Fubeddmg_Input: InputLaver

embeddmg_10: Embeddmg Word_Embeddmg_Input: InputLayer

comvld_§: ConvlD embedding o Embeddmg

I global_max_poolingld_#: GlobalMaxPoolmgl D l l;hdmoaud_iﬂﬂm_h Bidirechional(LSTM) I

l batch_normalization_$: BatchNonmalization batch_nonnalization_7: BatchNonmalization |

| Aux_Output_CNN: Dense | concatenate_4: Concatenate I | Aux_Oufput_LSTM: Dense |

| Main_Output_LSTM_CNN: Dense I

gﬂ‘ﬁ 2.15 Layers U9dLuua1asy M-Hybrid [20]
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UNN 3

ad a v
85N137338

3.1 NTOUAIUAN

MIBATIeRANiAnveInNAnWiudIUINLasialsaudunssuunsfadeya
Aerfunisssysmuuusilusfnndesuiiadhdulaedlide dso1gandunmsduunluses
Usglea viseluszaulenans uwarlulagduennaslimsiinseismenisseudiddnlaeiinszuiu
mnﬁam%awqm%aﬂa \w1 TF-IDF, CBOW, Embedding, Skip-Gram “a* fefinanlieediu
Fufudiedfinuszavsamuagaudlunisussanasosldan sndfeiiainauossuums
TpseviauianteeliveyannanuAniiueslfnuuiladeadaidsnlnenisiinisysvanans
MwEIA (NLP) ruanfusanesfiumediumansSeui Bsdndoudtapnnsiessiennidn
dmiumMsAnuLENANNIENTILIN Lazideay

danesiuvedluaansseusdadnilivaun & 5 lnaadsgun 3.1-3.5

embedding mput | mput: | [(None. 14)]
InputLayer oufput: | [(None, 14)]

l

embedding | wmput: (None, 14)
Embedding | output: | (None, 14, 14)

l

simple mn | mput: | (None, 14, 14)
SimpleRNN | output: (None, 8)

l

dropout | mput: | (None, 8§)

Dropout | output: | (None, §)

l

dense | mput: | (None, 8)
Dense | output: | (None. 1)

5U7l 3.1 RNN Model
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TwaN1sseusBeaNIlY Recurrent Neural Network (RNN) Husgavnsainlunisduwun
Ussnnuazyinneteyadisu sestiululdshenisldadiudeyalunisieddsaanugnaumin
2/ £ a v o w e a X ! =3 AY o o o
waradenudilafgliudduveivgnsaliiadu egelsinn RN ddedninlunisands

Poyatuyinenumiemndymmsanyidevesteyalunssuiunmsannegieniuiu

embedding_mput | mput: | [(None, 14)]
InputLayer output: | [(None, 14)]

l

embedding | wput: (None, 14)
Embedding | output: | (None, 14, 14)

l

Istm mput: | (None, 14, 14)
LSTM | output: (None, §)

'

dropout | mput: | (None, 8)
Dropout | output: | (None, §)

l

dense | mput: | (None, 8)

Dense | output: | (None, 1)

U1 3.2 LSTM Model

Usgavzn1nves LSTM unannanuanunsalunisandnteyalugiangniuulaglad
Uamnsaadevesteyalunssuiunisannseiieniunu Wunusednduestdymiiaeluluwa

RNN huuiiugu
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embedding_mput | mput: | [(None, 14)]
InputLayer oufput: | [(None, 14)]

l

embeddmng | mput: (None, 14)
Embedding | output: | (None, 14. 14)

g | mput | (None, 14, 14)
GRU | output: (None. 8)

l

dropout | mput: | (None, 8)
Dropout | output: | (None, 8)

l

dense | mput: | (None, §)
Dense | output: | (None, 1)

5U7 3.3 GRU Model

lunansiBeusiBaandild Gated Recurrent Unit (GRU) {ulinpaiiadnaunannuiusan
89 LSTM lnefilassasnaiidnninuazdonit lnatlgnesnuwuuiniteannududauued LSTM us

gapsshwianuannsalunsandteyaludiieiuules
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embeddmg wput [ mput: | [(None. 14)]
InputLayer output: | [(None, 14)]

l

embeddng | mput {None, 14)
Embeddmg | output: | (None. 14, 14)

l

Istn_layer | mput: | (None, 14, 14)
LSTM output: | (None, 14, §)

l

convlid | mput (None, 14, §)
ConvlD | output: | (None, 12, 16)

l

dropout | mput | (None, 12, 16)

Dropout | output: | (None, 12, 16)

.

flatten | mput: | (None, 12, 16)
Flatten | output. (None. 192)

l

dense | mput | (None, 192)
Dense | output (None, 1)

U7 3.4 CNN-LSTM Model

TupansiseusiB@nily CNN-LSTM  iunswaunanseing Convolutional  Neural
Network (CNN) uaz Long Short-Term Memory (LSTM) Jalugeslunafilasuasuiongslu
mIduunUssmiaiueteyadauluuansineg Widu NN ielvaunsadilasnuaems

funveslaya wag LSTM Wisliausanlauwarandidnuveamsnisallaludeyadndiu
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mput_1 mput: | [(None, 14)] mput_2 mput: | [(None. 14)]
InputLayer | output: | [(None, 14)] InputLayer | output: | [(None, 14)]
embedding | mput: (None, 14) embedding 1 | wmput: (None, 14)
Embedding | output: | (None, 14, 14) Embedding | output: | (None, 14, 14)
convld | mput: | (None, 14, 14) convld 1 | mput | (None, 14, 14)
ConvlD | output: | (None, 11, 16) ConvlD | oufput: | (None. 11, 16)
dropout | mput: | (None, 11, 16) dropout_1 | mput: | (None. 11, 16)
Dropout | output: | (None, 11, 16) Dropout | oufput: | (None, 11, 16)
max_poolngld | mput: | (None, 11, 16) max_poolingld 1 | mput: | (None, 11, 16)
MaxPoolmgiD | oufput [ (None. 3, 16) MaxPoolingl D output: | (None, 5, 16)
flatten | mput: | (None, 5. 16) flatten_1 | mput: | (None, 5, 16)
Flatten | output: | (None, 80) Flatten | output: | (None, 80)

N

concatenate | mput: | [(None, 80), (None, §0)]

Concatenate | output: (None, 160)

dense | mput: (None, 160)
Dense | output: | (None, 1024)

/
dense_1 | mput: | (None, 1024)

Dense | oufput (None, 1)

‘gﬂﬁ 3.5 Proposed Model

MN3UT 3.5 euemmiuvesiuuiiassazsuion B unmieIiuInae s
UNNHIUNTEUIUNST Embedding uiastannailvieglusuiuunnmeiduay Seusnneanyne
mnderulnetennuduwni1ld NN wartermBunail 214 LSTM uastihnnnesvesten
Alsansanthfeiuiiodesnaniagiiuresionudune

elumansFeudiddndsnanannsabouisiwuuiduteuluteyatonalsiini

s wunUssamuuudaiy uazanansadanisivdeyavnalvgla
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3.2 JUABUNNINAADY

YureLls Eaneiiiy) vemmensalanudnindernfasainuiausiliineaugen
Aaralull UssmsusnAe Tuneauveinszliunswiendeyadlsenaunien1sinnyuayen
Poya (M3uend nsuenUselen n1snsesiidneswaraudnusesneg uagnsusualveylugy

o o ¢ & o ¥ o o ¢l o [ = ¥ [

INveIENYItuY naenaunsidafdninusingiegeenly) Inendenninieuyadoyaiiu
NiSeuiosndy Ussnssesnfentsulastornuiansaliunnmes (MiefiSunin Feature Vector)
Inel35 Word Embedding Fwinlnlsnadusnwesaaes nuasnndosasiiludauliiudanasiy

a YA =% al Yo = | o A o Yo N
ﬂ']ﬁLiEJUELGZNaﬂV]VL@uq bAUD %QIUﬁ'JuGUENIﬂiﬂaTNIlI LU UD LLﬂﬂ\‘]VL@@QE‘U‘Vl 3.6

Parallel Layer

Fully Connected

~———+» CNN
Input

|
‘ l..
1 \
%\ Embedding matrix A
= CNN &
[ — ™
—‘-_._‘_‘-‘
/'
~
//

positive

negative

5UN 3.6 lassaievedluinanisiseusigaaniuunaNaIuniEue

Iudauﬁazﬂdﬁaﬁamswmaawaaizwmiﬁ’mLwﬂmmiﬁﬂL%qmﬂuazawaasﬁamm
ARsalleidunouveansiiunusisasBoaeusaztunous

mawisuyndeyadessneueyndeyannunawing Tnedamat Iesu1eliud:
Tuunil 2 Wadedl 2.1.1.1, 2.1.1.2 waw 2.1.1.3

a9 3 YadoUaaNITOLARIFIE 19UBITBANNINTAIAIFUN 3.7
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id sentiment review
5814 8 1 With all this stuff going down at the moment w...
23819 1 \The Classic War of the Worlds\" by Timothy Hi...
77593 0 The film starts with a manager (Nicholas Bell)...
3630 4 0 It must be assumed that those who praised this...
9495_8 1 Superbly trashy and wondrously unpretentious 8...
3471_3 0  this movie had more holes than a piece of swis...

JUN 3.7 Megretayanudmsunimaass

viniilsoonuuusanesiuiiauedmiumsdaueneisuniniuidnandenin
Jsalferindnaliluadeiiniuudniu ludureudilunssiiiunsilndeusas nnaouiite
Usaiiudsvansam nsneaesile fsunamnsfineseineg Adiddmsunisiinaeuldun
souvednIsEnaau (Epoch) WU 10 sau (Bnciunsvnaesiuyatayares Tweets Airline uaz
Sentiment140 vas8ane3ia GRU #arwdu 15 o) YaUslaya (Batch Size) Winfiu 256,
AR MUS Loss = ‘Binary_Crossentropy’, Wazgavinesiakusuasutinmsisews (Optimizer) Mvius v

W ‘Adam’

3.3 nsaLiun1sideuasinudoya

|
Sentiment140

__./'
(Tqptoynhy )<+ TweetAidine
T IMDB review
" 3
wdasvaya/ | mmﬁﬁnmn
Jaguuuy — ANuFAnaY
o 18
sfiumsietuudoya
MeNITUTZLIANANI
2197 NLP e == S
l l dnuvesnsinnena
AnfiunsiSouiseg ! A1397150490
A1 (Tokenization) YouTube

c}m qf';'TﬂM Ll Twwa | (Trained Model) HAANG (AW
Model dmsumsviunena SAnuan-au) :

JU 3.8 Junaun1sALiun1TIdY



26
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4.1.1 RNN Model
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4.1.2 |STM Model
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4.1.4 CNN-LSTM Model
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4.1.5 Propose Model
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Sentiment Classification from Text Comments using a hybrid CNN-LSTM
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ABSTRACT — Analyzing data from public opinion on social
networks such as YouTube, Twitter, efc., has become essential for
applications in fields such as marketing. politics, etc. in particular, the
task of forecasting the positive and the negative emotions from the user
opinions on social networks to improve products or products has
become highly in demand. Therefore, this research presents a deep
learning model combined with natural language processing {NLP} for
the classification of the positive and negative sentiments. In this
research, an algorithm (algorithm) for sentiment classification from
commentary text was designed that consisis of two main parts as
follows: the first part is the data preparation process which includes
data cleaning and exiraction of the data features. The second part is
designing a model for learning using the integrated deep learning
model. At the end of this research, an experiment was designed to prove
the efficiency of the proposed algorithmic model. The experiment’s
results exiracted feelings from messages on average 95.84 percent from

all samples of the tests.

Keywords — sentiment analysis, deep learning, machine learning,

neural network, natural language processing.
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