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Abstract

A research study on the study of sensory
analysis techniques for the processing of social
media content aims to study the techniques of
sensory analysis in online media in various semantic

methods. Theory is a component. Comparison to

find the advantages and disadvantages of each
method as a concept to improve the technique of
the analysis of feelings in the future.

Keyword: Sentiment Analysis, Social Media,Opinion

o
1. Unu
A o ¢ & v v
vudedsaueoulatifuludiedeyaniny
a & g v ° = v &
AnLTuLarAIUIANYOIRAUTIWIUNIN Fatoyamaril
Y a a ¢ a
aufiuselovulunsinsreiiiion15119uNUN19g3Ne
I3 v Y ' Aoy
wagnsiinfsrudeanistusueng q luvaeiiveya
TIuruNUIFIaLariaAnaInae wan1sazly
Usele9ndoyafa aiiunseuIunITin e ikay
o ¢ v P vy PN
duasieideya elilideyaarsaunannsaning
ABansveeRUsENRUNSAan vilvidesdinssuiunsly
N153LAT1¥9% NdauulugLazduszansain
WeUselevigeanvesteya Fetagdunisinsiey
AU3AN (Sentiment Analysis) HN15L@UBNTEUIUNTT

LAgINALANINUIY LU miﬁwmﬁaﬁaga (Data



Mining) , n1sldwnaluladdomirunung (semantic

web). Faduwmalulagingrslunisiasigianunune

'
=~ o

LAYANNFLNUSYRIA FITmATAY N1TE519MA UL
Au3 (Ontology) war wiatian1sldneuiiunasluns
L%Bui (Machine Learning)

Tuunanudl fnrsdauaSeuiiauisnisiy
n133ATIziauidn anaudniuuudedny

'3 1 o Y = a
paulad TusUuuusig 9 dmsudnwinaiauas
AszUaIUMs wisldlunisandulawazmwuanislunis

@ = 1% a a ) a X
NWHRIUN LW@ImﬂﬂizﬁV}ﬁﬂ’IWLLﬂzﬂ’J’]mLMUEﬂEﬂﬂEN‘Uu

2. ngufjuazassunsuiinetas

2.1 M3AATIENA1NEEN (Sentiment Analysis)
N1534A51299AUFAN(Sentiment Analysis) [1]

WunisAnvudsmeuiianmesiunisuanininuandiu

ViruAALar o TualveldralTawe ausanansis

v
=3I

uARamANTSaivieite Juidamailandugy 8
wlduiiagaseuagulaeuniansel At mineves
a L4 V= . . A
N193LATIENAIIUFAN(Sentiment Analysis) ABNT
a ¢ a o A vee o v
WATIEEANUAnUaUtUanAUIAN Tl Tuansean

Y & a & v a;' 1Y
LLa%f\]@‘US%Lﬂ‘V]‘U'Jﬂ']']llﬂﬂLWU‘U@Q%II‘UGH@JV]LLﬁGNh

LY

2.2 yAtefistos

Vivek Narayanan [2] laiidueiade Fast and
accurate sentiment classification using an enhanced
Naive Bayes model Wuuddedidnwinissiwun
mmi’ﬁﬂﬁﬁmﬁumwaum% lnglddayauiain IMDB

(Movie Reviews Database) Faduwnaansiusiueiny

AniuresnIneunsAne q anneauideidaiy

Usz?m%mwmsaﬁ’wLLuﬂmmﬁﬁﬂﬁﬂm%a LazQNABY

'
=~ o

lnglddana3iu Naive Bayes lun1sduunteya Fedl
NS Training oanidu 25,000 9oA211 Lay Testing
pandu 25,000 YaAIY

L. A. Freitas [3] 1@ dni@auowade An Ontology
based Sentiment Analysis for mobile products using

a v

& = ° P
tweets LUU\TWU')T\]EJVWTﬂ‘HWﬂ'Wﬁf\JWLLuﬂﬂ?qﬂJgﬁﬂf\]qﬂ

X %

YoA11L Twitter mgﬂmlé’mmmmamLﬁuﬁlﬁmﬁﬁaq
ulnsdni IngldtoyavesgnAduu 1,200 YaA3u
wagld SentiwordNet Tunismeanagiuu Positive Lag
Negative v04f1 LioTamenAiasaasiinzuuuunfiu
Plueeulnladiiieldlunsiudu

Deepak Kumar Yadav [4] 1atauawWqde
Sentiment Analysis Based on Data Mining and
Natural Language Processing 1Jusiu3dedidnwinis
Ainsrzsimnuidniisrusmdesamnainiuled Amazon
uaz Flipkart Ingldnarnnareimaia lawn 1) Stop

)

word 1un1saudflidrdgieluaindszlen wu a,

L g oa:'le

an, the, in, on tusu Fanguannaridudaly
a Y o a ¢ e . &

\WgteefunTiinsigiauidn 2) Stemming Wunns
wlasAlieglusuuuuvessIndny (root) WU N156n
ing, ed, es figly 3) Stanford Parser ‘U"Jﬂiz‘q Parts Of
Speech vadusiazA1 wazanvingly KNN Algorithm Tu

° o a & ' o A & L.

NMsNuUNUIEIANYRIAIANTdseninmmiy Positive

fiu Negative



NKumar hazane (5] basinn1sAnuyniSed
Sentiment dynamics in social media news channels
ApziinlSeuiisuanuidesiuresinanundediny

'3 o ea A a a ea ¢ |aaa
poulaivalnsviminguazdedafiuninsnziufise

V6 ¥ a =3 a [ & 1 A
vouglduarAuAaiulAgInulnanv1a1snd

vee o o v Y] v
ANUTANAeiY Feyatayanainainuil Facebook
Y94 5 99991780008 N Lakn CNN, Fox News, The
Economist, NYT uag NPR yatayaiiyna 0.15 auatu
wazUfAsedlyd 1.13 fuduau wan1snaaesiansli

=1 1 Ve a =1 YVl U U 6 o
WindausanvesmnuAniuyes lElanuduiusiy
819U INNUAINLT DN UVDIVIIANTALUTLLAN VD

1 v = o Y =
wiaedaya nsAnvivensiduansiiiuianiny
LANFNSENINTRIN19Fd AN Ul ALY DILNEIYN2
$1499)

Hansi De Silva [6] 1a%inn15@nw1L5a9 Social
media based personalized advertisement engine
unanuisenundngiuin AdSeeker 1uesesilonns
fruAAIRINAIINYOUTBILLERIN Social Media 10U
aa v aa a a ) ' a
Tunlgmniluseansamlunmsuiuliagadnegsia
YPINTAAALALNNT LW Adseeker WHUsTUUNAS
X o < . a ¢
Fulneldnisuily ontological wagn153LAS1E%

& a o oA v Y '
Anuvingvedlemlylsaiineiielinseiudeyadiu
yAAA msszqé’ﬁuﬁummﬁuﬁuﬁduuyﬂﬂaLLazTﬁ‘ms
ontological tWon1sILunUsEIANIRwaItIglunTg

sgynislavaningauigadmiugldunazsne

Y

'
o

AdSeeker Mininiilwadlaggldiiedu

Gloria JKang wazamz [7] Lévn1sAneides
Semantic network analysis of vaccine sentiment in
online social media (fiens19@auAIT o uTRY
fatuludagtuiisifudensdennlaonisaiisuas
AinszsiiaTetnenumnevesteyaiaduaniiuledi
THausufuvesgfld Twitter luansgoiuini uaziile
Paglunisdoasidesasisuguivindu finssus
wimanun 26,389 1801538 Tudl 16 ey
2015 wagtudl 29 nguaiay 2015 FusldFudiiui

o

laigniu 8416 51913
Weilgalifedinde lifinsussidiuramnudesiy,
MYWIAGUIATOLYY AALAIARANELaTUNINT

Karen AMonsen wasnaai [8] livinisinwnides
Use of the Omaha System for ontology-based text
mining to discover meaning within CaringBridge
social media journals Hunsuszifiuaadululalu
msldmdniiierTusumesinauas ontology (Omaha
System) tugunvudoyanisvinuiiesdeyatoniny
U¥unszuaunislunisimunilem CaringBridge uay

s Y a

sumamﬂ%ﬁ%‘ﬁiﬂ5@318msmsmiLLazﬁwéTwmmumﬂm
a¥9dy

Teng Niu wazay [9] Ldiinisfnendes
Sentiment Analysis on Multi-View Social Data vJu
msuudwwﬁ’faagaimjﬁﬁ‘ﬂmfw MVSA Gausznausae
w%wmagmaaﬁm%’umﬁmﬁwﬁmmLﬁ?}aﬁu NAUDY

wranunsalduselevdladuiiugruuenimiioainnis

AaszanueiuLs g tayavens i salyly



nnsnsrvdsulgniniiauladu 9 MUadunis

o

59980V tweets uanannidlduansliifuiniine
Fonuiiliaenndesiunatsagieseninetaniy
yampaazmMmluniaiiusiusy

Dazhen Lin wazamz [10] léiin1snwses
Multi-modality weakly labeled sentiment learning
based on Explicit Emotion Signal for Chinese
microblog Jumsannisalifeafuanudesiudiude
Taeld Visual Sentiment Ontology (VSO), Emotion
words 9184 fesldiegeiiidenusiviuuiniie
Seudauandisyiunans Inedeldannsaldaulafu
Lounanduaetiednooulatuuudeall 3514
Freghsethetsdesauauiiftonnuiiuiielilana
nsUFTRumieutugaldainiznisiuigainy
Fothweariaadsuuuusui

Pratik Thakor And Dr. Sreela Sasib [11] 1o
ymsdneses Ontology-based Sentiment Analysis
Process for Social Media Content 3 Lﬂswﬁlﬁﬂa‘m
L deadiine (OSAPS) ﬁaammﬁﬁﬂL%aamﬁamim%aa
ffggnueneoniaindeniny twitter lngdnluda
AFEUIUNTT ontology-based

Samir Tartir And lbrahim Abdul-Nabi [12] 1o
#¥1n19@n¥11309 Sernantic Sentiment Analysis in
Arabic Social Media 1Jun15 AAszhauAaiuil
faguszasdionnuaiiaunfvesnguauiild
wwanwesuleFeaiifisegatoanilssenisluided

NI TUUNANUTLILEUDLUIIUTIAUANEY

\eAumviruafveslduazdeyaidednmegsianinie
ﬁmuaauimﬁummamﬁ"uﬁﬂumummgmuaz
ANEDU
R.Nithish, S.Sabarish, Dr. A.Askarunisa [13] 1o
N1N15AN®ILTDI An Ontology based Sentiment
Analysis for mobile products using tweets 3LA51¥%
NanS g veInuInfalaelduuudisiamuAniuLa
a 1% 3 & v o
wuugeunudu o lnglduuunesuesulaideninuil
fMassafriamuamarluardoyauinauindeuiy
a ¢ A o v ) a o a a 'Y
AN WievhAulanuuSuniardnaulaneiu

CER)

3. YUABUNISAITHUIIUIRY

¥ ]
a v A

\‘1’]‘1‘!']"{]EJ‘L!L“TJ‘Hﬂ’lﬁﬁqu\‘i’mi’;}]lEJﬁLfd]EJ’JG?JI@QﬁUﬂ’]i

Aaswinuidnuninsey

4. NanISALIUIY

a d = a aa ' a o
M15199 1 : AN UTIUNYUNALATETNITVDILARLIUIY

Ay wAllA/35n19 WAN1SNARDY
(3ovaz)

[2] Naive Bayes 88.80

(3] 14 SentiwordNet 70.00

[4] 1) Stop word -
2) Stemming
3) Stanford Parser %8
31 Parts Of Speech

(5] | VADER iugufdmiil | CNN 97.00
wngdmSumsATER | Fox News 98.00
mmﬁaﬁumamﬁamﬁﬁ Economist 95.00




funiilaludedeny

NYT 97.00
oaulall NPR 93.00
[6] wdpailewniaue JAVA 88.00

JAX-RX USM3VIU API
Restful API, Apache
Jena uazAUMIAIY
ontology, hibernate,
MySQL Server, Naive

Bayers uag NLTK

[7]

14 sentiment networks
Taeil NetworkX &
iGraph Tumsainsuay

ARSI

(8]

AMsviilesdonudil
1As9a319l UL ontology

Taeld KONTAKT 3

NAaBIUNYINUAITIN

Ay dvesAuidn

o

Tnemslideyaniszyi
<) o
duuinuazauluyadeya
Tassfureas yateya

' [ =
gnauLusdunsilnousy

wagnN1snagaau 50%-50%

T-V-Early 75.20
T-V-Late 72.50

M-DBM 74.70

[10]

Visual Sentiment
Ontology (VSO),

Emotion words

60.10

[11]

Tdeenduas GATE [11]
mylasesntedeya

tweet

[12]

Naive Bayes

75.00

[13] MIANANIUALANYY Op_Score
YBININ (f) = -2 SrPuAaLiy
(f) <= -0.5 (ueifiqm);
Op_Score (f) = -1 i
-0.5 <opin ion (f) <0
(Lid)
Op Score (f) = 0 &1
ANUAALAY ion (f) =
0 (Hunana);
Op Score (f) =+ 1
81 0 <AnuAnLiu (f)
<0.5 (@)
Op_Score (f) = +2 if
opin ion (f)> = 0.5
(excellent)
5. d@yUna

o

a e a a L3 Vg
198U UNTINALANTTT bATIENAIUFEN

v

Weuszudanalllendedinusaulal lnegidels

D.

N5ANYINUITENLAYIVDUAB AU NANAN

W zaNLaEANINTIgR NuImndnsdaduaziinsan

AAzhuuInvTvesdlagndes aglviAnUsednsann

v
LYY

78 faumndesmsiiiedfuiieseiauidnadsld

L4

Fhswmelunisiese



6. LONA11984

[1] Medhat W, Hassan A, Korashy H. Sentiment
analysis algorithms and applications: A survey. Ain
Shams Engineering Journal. 2014;5(4):1093-113.

2] Vivek Narayanan (2013),Fast and accurate
sentiment classification using an enhanced Naive
Bayes model, Intelligent Data Engineering and
Automated Learning IDEAL 2013 Lecture Notes in
Computer Science Volume 8206, 2013, pp 194-201.
(3] L. A. Freitas and R. Vieira, An Ontology
based Sentiment Analysis for mobile products using
tweets. 22nd International Conference on World
Wide Web, 2013, pp. 367-370: ACM.

(4] Yadav, Deepak Kumar, and Sampada
Vishwas Massey. "Sentiment Analysis Based on Data
Mining and Natural Language Processing."

(5] Kumar N, Nagalla R, Marwah T, Singh M.
Sentiment dynamics in social media news channels.
Online Social Networks and Media. 2018;8:42-54.
(6] Silva HD, Jayasinghe P, Perera A, Pramudith
S, Kasthurirathna D, editors. Social media based
personalized advertisement engine. 2017 11th
International Conference on Software, Knowledge,
Information Management and Applications (SKIMA);
2017 6-8 Dec. 2017.

[7] Kang GJ, Ewing-Nelson SR, Mackey L, Schlitt JT,

Marathe A, Abbas KM, et al. Semantic network analysis of

vaccine sentiment in online social media. Vaccine.

2017;35(29):3621-38.

[8] Monsen KA, Maganti S, Giaquinto RA,
Mathiason MA, Bjarnadottir RI, Kreitzer MJ. Use of
the Omaha System for ontology-based text mining
to discover meaning within CaringBridge social
media journals. Kontakt. 2018;20(3):e210-e6.

9] Teng Niu SZ, Lei Pang, and Abdulmotaleb
El Saddik. Sentiment Analysis on Multi-View Social
Data. 2016. p. 15-27.

[10] Lin D, LiL, Cao D, Lv Y, Ke X. Multi-modality
weakly labeled sentiment learning based on
Explicit Emotion Signal for Chinese microblog.
Neurocomputing. 2018;272:258-69.

[11] S. Tartir and |. Abdul-Nabi, "Semantic
Sentiment Analysis in Arabic Social Media," Journal
of King Saud University - Computer and Information
Sciences, vol. 29, no. 2, pp. 229-233, 2017.

[12] P. Thakor and S. Sasi, "Ontology-based
Sentiment Analysis Process for Social Media
Content," Procedia Computer Science, vol. 53, pp.
199-207, 2015.

[13] R. Nithish, S. Sabarish, M. N. Kishen, A. M.
Abirami, and A. Askarunisa, "An ontology based
sentiment analysis for mobile products using
tweets," in 2013 Fifth International Conference on

Advanced Computing (ICOAC), 2013, pp. 342-347.



