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(E 1) ZAEY Mol
Authors Dataset FS Method Classifier Purpose / Contribution
9 Public . . . Proposed a novel iterated
Gokal . CFS, Chi- , GR,|B Logist .
oxa’lp Sentiment Dataset . 1-square . ayesla? Ogls,.lc greedy based feature selection
et al. and 4 Amazon IG, ReliefF, Symmetric | Regression, Naive Bayes, algorithm for sentiment
(2020). . uncertainty Multinomial Naive Bayes .
Reviews analysis.
Decision Tree, Naive Bayes, .
eesion e, atve ? Y provided a real-world example
. . Support Vector Machines, . . .
Costello |Electric Vehicles . .. . of social media sentiment
) ] CFS, Chi-square, IG, |Logistic Regression, ] .
and Lee |Social Media Data . . analytics. It can be adopted in
ReliefF Bagging, Random Forrest,
(2020) | (Youtube) other areas of research and
Random SubSpace, .
. . business.
Adaptive Boosting
Logistic Regression,
5A . . . .
Revirg\?vzson Decision Tree, Naive Bayes, | Proposed a machine learning
Eo and Lee (apparel, book, |CFS, IG, ReliefF Neural network, Support |model to predict positive and
(2019). dvlzip ele,ctronic, > Vector Machines, Bagging, | negative opinions of text using
kitcilen) ’ Random Forrest, Random |opinion mining.
SubSpace, Stacking
Chi-square, 1G Proposed a new feature
. . Document ’Fre(;uency Multinomial Naive Bayes selectif)n met}}od - duery
Movie Reviews, | . . .’ |expansion ranking. It’s based on
Parlar et al. . Difference, Optimal |Support Vector Machines, .
Product Reviews . . query expansion term
(2018) . . , . | Orthogonal Centroid, |Maximum Entropy L L.
(Turkish, English) . . .. weighting methods which is
Query Expansion Modelling, Decision Tree . . .
Rankin from the information retrieval
g field.
Proposed IG + NB model for
Movie tweets.
o Twitter Information Gain was chosen
Sihwi et al. .. . . .
2018) (12 popular 1G Naive Bayes in order to increase the run time
movies) efficiency. Naive Bayes
Classifier was chosen due to
greater accuracy.
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(1) 4=y AT (AHH)

Authors Dataset FS Method

Classifier

Purpose / Contribution

Movie reviews,
Amazon reviews |Chi-square, IG,
(Book, Electronic, |OIFV, FIFS

Y ousefpour
et al.

Naive Bayes, Support
Vector Machines,
Maximum Entropy, Linear

Proposed two methods for

integrating feature selection in

sentiment analysis.

- Ordinal-based integration of
different feature vectors

2017 . . L . OIFV
( ) Kitchen, Music) Discriminant Function ( ) . .
- Frequency-based integration
of different feature subsets
(FIFS)
. .. Proposed that gain ratio
Movie Decision Tree, Naive Bayes, P &
. . performs best among four
. reviews(1-8) Support Vector Machine, . .
Liu et al . Document Frequency, . . . feature selection algorithms.
Short informal . Radial Basis Function .
(2017) Chi-square, IG, GR support vector machine
texts Neural Network, K-Nearest "
. performs best among five
(9-12) Neighbor . .
learning algorithms(Accuracy)
Document Frequency, SVM model based on
Lee and . . . .
Amazon reviews |Chi-square, IG, Term . Chi-square Feature Selection
Hong . Support Vector Machine .
(2015) (Movie, Book) |Frequency - Inverse shows the most superior

Document Frequency

performance.

Benchmark: CFS, IG,

Tree Augmented Naive
Bayes

Proposing that Bayesian

This Studv | Yelo reviews GR, Naive Bayes Network based model will show
Y P Sons & Spouses, the most effective results for
RQ: MBFS Augmented Markov sentiment analysis.
Blanket
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w40 frord 234E YEHiT Eo and Lee ojAlF &4 Y, ARIS &4 9] Ao}
(2019) B3+ HFE E771S 9 ER/VIE 7R H A8 d . o] Blell % Sihwi er al.(2018)2 B
sto] RS AT 9 ER7IEE 24 s #H EQHE RN & W ARYS &4
28 3ARA, AP, Lol B Ho]=, A e} ol B o] 25 ARgstE Flo] 2 B
2, AEZE HE HAS ARSI o H, w7, N TE BHAva F4YH o= 82.19%9] =2 4
9 XY XE, Y AHEAF o)A 2EHAS oyg g2 Sk FATh 3 Liu e al(2017)2 4
£ BER7IZ 283k o] & BR g5 &4 7HA ] &4 A9 7S 57HA Y] RRVIE AR
e wigre] 27 /717 F& A2HE BA Hlskdh &4 A8 7Rl g5 vls &4
T} Parlar ef al(2018) 73 &4l &&3Q1 &4 A, FR77160 AEE #H #2lSVM)©] &
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4
[e}
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M ME

O ="

2.2

1

2.2.7 AabnA 7 |eE =M MEH (Correlation

based Feature Selection)

&4 gl slggo Qlo] 8% EHES 77
st 2E]a 24 9 oSS obed MY fr 8
tloleol| g daglEs JFAZ wEbA
2do] T8 &4 JAFS AEste &4 A8
A2 9] 3 Alo]th(Kira and Rendell, 1992). CFS
= aXES g\_]eo]___ EHJ.ZJO] &4 }\-]Eﬂ 7]%0
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FE oS3 ZohHall, 1999).

]‘/[5: e
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M= Heuristic “merit” of a feature subset S con-
taining k features

E = Average feature-class correlation(f €.5)
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Zt=THTang, 2014).

% 54| &(Gain Ratio, GR)2 IG ¢8| &S
Ao 2840z e A0 R IGE A71813 7]
otk GRS 1G] HES A ZITHDag e al.,
2012; Karegowda et al., 2010; Quinlan, 1986).
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GR(Class , Attribute) = (H(Class)
— H(Class | Attribute )/ H( Attribute )
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JooA e} 2o e o] A48 JHe
W ko) dude ST i, 2 (Wrappen)
© W1 J3Y F8A4S S A e s
st &, divle A8x, AUE, FIdT9 22
B He AR E 7|F0 2 /15e BE &£X4o
z3+e Brlslel A £4 A 2t g}
A e e RT 2de] A5 g S
A FL AHE BRI aey olye 5o
A3 TR 7t TEIA ew BAE ] 98 (g 1) o=8 =33
o] lthKohavi and John, 1997).

M. d74hg
2.2.4 olz2E £YI £4 Mei(Markov
. H o o] B A A3 tle =) 1
Blanket-based Feature Selection) 2 A7 24 AARE U <2d 2>9 2

T =
6‘]—]1], 1_3—_5_% ?jgé‘]—% }1\:]_% %_}l: Z_].- E—Zj_?_ "q Data Collecting
E4S vt B =99 dAE Tl
3 Class /\ | 4 Class
== ARE AR Tan BAAMBE & |
1) Dependent Variable Settings by Star Rating 1) Dependent Variable Settings by Star Rating
A Ade JlWogwy ALg BohKoller and 1,2+ Napthe, 3Nk, 4,5 st (St - e,
Sahami, 1996). MBS &3l 43 I gl 1 I
RECREQS R wE, A4 wE, 223 el | T
FA mEF AL e FE =5)7 F4EH 0 Gt 0 Coaion
A2 wEsl By w7l MBZ A4HE o] ¢ ' '
3) Feature Selection 3) Feature Selection
= F Y =27t g A =29 AHZF AP - CFS, 16, GR - CFS,1G,GR
- MBFS - MBFS
A7) W Eolth W, wja} == F 7px| 9} | |
q—f—’_}“ E}al “T—Esq-‘o’] T\:]_—Z” Oﬂ }\1 V-Structure% 4) Classifier Evaluation 4) Classifier Evaluation
E‘?l]q_ :lxj/uq O]]E MBQ_E /é;(é;l{_-: 0] _Pr_‘l—__; Z]. - TAN, NB, S-spouses, A-markov - TAN, NB, S-spouses, A-markov
Ao AR AP HE B k=9 oF ¥ N’
314_74] _%_ .E]_O:] _?_7] IIH E“O] 1:]' MBE }\é;ﬁ H “c 5) What-if Analysis 5) What-if Analysis
A QLN . - —
- Clustering - Clustering
58 B =28 UnlA k2, % BYHd =
=S VESAZRE KHIsjFHh o= MB (72] 2) 2 Hx}
H A =0 A9E dZatd 928 49
St AEYS onlstch. MB= dlolH FJ{e] W 3.1 &5 Ho|
b we W BeA9 £4 49 Yoz A
42 4 Ath(Wang et al., 2020). MBS 7Z+& B ATE Yelpcomd| A A|F3sh= 2lH HolH
<29 13 2o, g oz BN ABAAT. Yelpi L)
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Easicikins 7&?'5} o4 2, 40l APk 2wE
=

oFd 39 elfe BRagom, ¥a 19 ek
29 ¥4 A, 290 GRE 9 2 ARE 7

EIATHCEA 1=0/ A 2=1 ) BH 4=2/ EH
5=3). o] gt A&}t HH S T3l 3532 74977,
4282 6590719 HlolHE FF, 45T

B A AH8-E HolH 9 7|eE AT <
2>9} 2t}

3.2 HIAE N2

B~ E Ho]EE A7 ]——L— % o537} 2ol
A GAZ FET A, B
(Stemmer), A1, TF-IDF J% 15}. EE3} &
TS T %—‘Hi 5 o

E
ol
rr

L m{Nt

dojz E|gt) :hﬂﬂ L)

¢

N&SA N A2 gk B3t FFHA At

AE HolE(EH1~5) 7952 1 5 3.72 1.5456 2.389
432 dolg 6590 0 2.06 1.1655 1.358
3E 2 dloH 7497 0 2 1.41 0.8544 0.730

Wrote a review

Soo0n cooo

Our son is attending pre-k at Stratford
Parkside campus for the 2020/2021 school
year and we are beyond fortunate to have
found such an amazing school. Despite the
fact that our son started attending
Continue reading

1 > = > 9?1

| was craving crab for the new year so
called up this place for takeout. It was super
easy with the ordering and pick up was a
breeze. They have a spot outside where you
can just park and jump in for

Continue reading

Underwhelmed. The concept is neat, but |
think sushi burritos just generally
underdeliver. Ordered the regular size
Geisha's Kiss for takeout, which was pricey
at $15. Poke bowls in the city with mo
Continue reading

9 1 -

(a2 3) Yelp 2%
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o FA REE AR A U] 7 dojritt T2
& AEE Yeie otk o] & FA0E £
AslH 23 Zt(Erra et al, 2015).
ftd)= dEA & 2ol HEE YERH
HaltSalle @oPt 38 BA do] 52 oJrdic
_ ftd)
tf(t,d) = d
. . 1D
de(i}D) - 10gm

tfidf(t,d, D) = tf(t,d) < idf(t,D)

w
w
1

M MEl N2
o

O -1 7

o] Az] BAZ A HolHE 3Zex, 42
7} 133970, 126170¢] &40 8 TLAH o] 9

92
th o] % BRLF WS W] 93l kel
s

g AE 7S AEeith A8E £4 A9
71%-2 CFS, IG, GR, MBFS©|H, ©] Z IG$} GR<
s A SRS A9 9 AR
0RTH 2 Foez A ded £459

= X

I <i 3> 2ok 332 A F 1339719

= =3 617, IG2} GRS %sH 5767N,
218)31 MBFSE E3) 7771 2] £A4150] AelE Qo)
43829 A$ E 1261709 &4 F CES: 6271,
IG: 56971, GR: 5697)], MBFS: 827)1¢] £&:450| A&l
Ak 1G9 GRY ¢ dod JFS vA=
Ao Zpole AR &9 FA e o]t
AUk ol= 1G9 TS TAAT= Aol 49

TS BHAE ZtAes ovlgth

MuE =

mber of
SeleI::ltledb;e;ures 3 Class 4 Class
Before 1339 1261
CFS 61 62
IG 576 569
GR 576 569
MBFS 77 82

3.4 2/7| 87}

S-Spouses, A-markovo|Th. $AE 7+e] WEkA, <
HHAAE sk Ao] =
Al 7S ASIskaL wo]A|¢k
HET AR5 T

Ho| AR HMEH e 54 22z o8

2
-
N
2
M
2
3
M\
o

o 7 BAAY sk 5 8 2 2
oty e =9 F(Ar)R TAH Jor
5% wE ) BN ARAAS tebAT, T8,
oA} HES Ae AHZ LERE FAHE
E 590 0 A $EE e 29
al o 3t (Conditianl probaility

table, CPT)°1 4’5H TA EHLI and Abdul Rahman,

3 Ao Samse 4, AAnTE 999
ek, &4 ol £9] Aol §lckliang er
al.,, 2012). S-Spouses= &2 ==V} IR H o2
OE WA == s 7 otk <™
6>S AU EE 24 kEde s =28 XF
gt oy BE =Tt AZAHY Q) o] Bde
A4 wEBo] $UEAE THAA 2L )
Al ool wel A E= A-NB(Augmented
Naive Bayes)®] 3@ W o]th(Costello et al.,
2020; Prabhakaran et al., 2016). A-markove =&
R E SR X2 27188 v, 4 S =
= /‘}O]Oﬂ A= FE4 AAE vA T g0
Z= 7]Ho|t) v T Bl HPH O =71 9]
"]Zl‘ﬂ go] HASHARE 27HART o U2 ¢
Z=ZA3E HoFHConrady and Jouffe, 2015).
TEgh Bot Aast 5“# = S8t 108 wAxdE

WS ARESHE 108 wAbE S AA dlolH
As 10283 E}% 9?;?%% st58o2 ALE3)
I UHA 178 AS580E EEFrHArot
and Celisse, 2010) ol W] AZ4 B £x1FHo
2 P, 25 dHolHr7t A5
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2400 ZY=MS 2let HolX[Qt £4 MEin ZFol| Thgt AT

° (% 4) =5 ¥4
Predicted Class

Positive Negative

Actual Positive TP FN

° ° ° ° Class Negative FP TN

(a2l 4) Naive Bayes

Accuracy - TP+ TN
Y T TPy TNTFPTFEN

Precision = _re

TP+ FP

Precision « Recall
Precision+ Recall

F-Measure = 2 »

V. 932z}
- w w - 4.1 21}

(a2l 5) Tree Augmented Naive Bayes

HI
Ju

B Aol wlolAt 71N R4 e Bt
o2 271 Bd AS W AN ge goluy) Sjs) 71} waled welA Al
&= (Accuracy), “JU =(Precision), F17334~(F-Measure) L% CFS, IG, GR¥} HlwElQgt). Hlus BEA
EARE A& WHAEEL < 49 EF 3 BAoz AfHon ALE odugze
qES e o2 AF=Ht TP(True Positive)v= & TAN, NB, S-Spouses, A-markovo|t}. <X 5>= 32
ARE EF7I7F P2 EFI Ao, 2 BAS JEh 1, <X 6> 42 Y2 BAS
FP(False Positive)™ -7 E]-‘rjr% sHoZ FFS HoZ) &4 xq,] ZHT =0 71 Hol
FOIT TNTwe Negaive) & 78 7S 257717F - asze g9 Ao sdg. 223 ¢ue3
TAOR EFT Aot PIANOE, NFake o)y o g} £ e BE AYE S
Negiive) 578 elft S EF7VF FBO2 £ go mg 45 94492 w9 w
AFels AR B FATA $A2 085 ap) 99 2292 272 212 AAgRem,
2o 222 B4 Aiks <RE A9 2T

e =4 Uetgt A8s=
A-markove] A3} 77.842 713
=A ’&%Qi’b— AU} FIF 4+ CFSE AF

€3+ A-markov®] 237} 0.833 0.802. 2 71#

(3%l B) Sons & Spouses =9t T},
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Accuracy | TAN NB |S_Spouses|A_markov

Before 70.83 69.51 73.50 77.23

CFES 77.59 77.24 76.96 77.36

IG, GR | 71.78 70.21 73.40 77.26

MBEFS 77.44 77.28 77.42 77.84

Precision | TAN NB |S_Spouses|A_markov

Before 0.70 0.68 0.73 0.80
CFS 0.80 0.80 0.80 0.83
IG, GR 0.70 0.68 0.73 0.80
MBFS 0.80 0.80 0.80 0.81
F-measure| TAN NB |S_Spouses|A_markov
Before 0.70 0.69 0.73 0.78
CFS 0.79 0.78 0.78 0.80
IG, GR 0.71 0.69 0.73 0.78
MBFS 0.79 0.79 0.79 0.79

(¥ 6) 4224 HIHx|® Zot

Accuracy| TAN NB S_Spouses |A_markov

Before | 61.70 61.37 63.57 65.49

CFS 64.87 64.93 64.37 64.25

IG, GR | 64.51 63.67 63.38 65.84

MBFS 65.37 65.37 65.42 65.42
Precision| TAN NB S_Spouses |A_markov

Before 0.61 0.61 0.66 0.68
CFS 0.69 0.69 0.68 0.70
IG, GR | 0.64 0.63 0.65 0.69
MBEFS 0.68 0.68 0.68 0.69
F-measure, TAN NB S_Spouses |A_markov
Before 0.61 0.61 0.65 0.67
CFS 0.67 0.67 0.66 0.67
IG, GR | 0.64 0.64 0.64 0.67
MBFS 0.67 0.67 0.67 0.67

45 Y20 A MBFS 2499 23} 5 A-markov
£ 79]3F TAN, NB, S-Spouses”} A48 ARt}
=& AgEE Btk 183 1G9 GRS AHE-§F
A-markov o] 7} & A¥E et A
‘?:lE A3} A= MBFS9} CFS7}F &4 48] A3}

wste] stk v o2, F1 ol A
MBFS =22 A-markovE A 9|3 BE dagls
oA AdHte] S Kolm Ao AFf) sz
g Fds e

l—

4.2 What-if 24 Zu}

Bl WEeh &4 31 JAABA S AA 3]

Zot

17] 918l Whatif 215 A A8}t What-f
A& Aldet7]ol b MBESE Adld S4E55
FY2HAY e, SHAHPE S EREYl
M BRAHOR AREE AT 2 dads
R

(Hierarchical agglomerative clustering algorithm)<

53| o] F o] X th(Murtagh and Contreras, 2012). 7|
37 A% 2Y2HYe SYH FY2E oA
A3 A7k 2 2HE Baske] FHE o Fof
ke 48 guelEow, olg o fAe
B 23 Qe dIES 2 2B} =
3 o) BAE ok 5 Yk 3229 BS
se7he] wolzk 1he) ZelEe BRERCM,
12e)20) 35 s67)e] "o} el 2eoEl
AGE A Y E FAH @] FALS
<RE B>, <¥F o9 2T

<19 7> 3282 RO 2U|HAE BT
i, <Y & HXUT) SHEA 4, 5)E 100%
2 2A39S A Whaif 34 29 ek,
Whatif 4 22 S FE 10%2 28sk5&
o, FHe) HES Hole FHAHEE FH2H
7,10, 11°] AT} &, F32H 7, 10, 11> 34 H
o} Ao JAE Hole Ao E IRIHUTE S~
B 78 FAsE ©olEE = amaze, delicious, favor-
ite, perfect, yummy 5©] $ith. WA Y =] 871 <]
FYUEHES SAHYRE 10022 =H35%0= o,
() HES EAH

<a¥ 9>9F <a¥ 10> 43 Ed
What-if &4 A3 F5 =43813 Zlolt}. <19
10> 4% SALYRE 100%2 28 B2,
87§ SH2H T FeILH 49 FULE 8wk
FHel MES E"ﬂt} Uz 679 SH2HE
< BT 509 ¥E s veillt 1 & 222H
62> -00030.% 7HY & WE g5 Bk 92
H 69 74 ©o]E-L bad, horrible, manage, rude,
terrible, worst®]t}.
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Accuracy TAN NB S_Spouses A_markov
Before 79.62 78.25 82.39 86.76
CFS 85.87 85.42 85.61 86.19
IG, GR 81.82 81.02 81.94 86.69
MBFS 87.07 86.95 87.03 86.82
Precision TAN NB S_Spouses A_markov
Before 0.79 0.78 0.82 0.87
CFS 0.86 0.85 0.86 0.87
IG, GR 0.81 0.81 0.82 0.87
MBFS 0.87 0.87 0.87 0.87
F-measure TAN NB S_Spouses A_markov
Before 0.79 0.78 0.82 0.87
CFS 0.86 0.85 0.86 0.86
IG, GR 0.82 0.81 0.82 0.87
MBFS 0.87 0.87 0.87 0.87
282 7T E42 6590709 HolElE Sall o] FoiHth HA 48} 50 sjFet= HFHE A
2, 1329 gie 783 gRE AAgst Adsdth 7HE =& A7 258 %S Ax AYE
SFAT.
£& B) 3Zaa EHAHE
3C | Cluster] | Cluster2 | Cluster3 | Cluster4 | Cluster5 | Cluster6 | Cluster7 | Cluster8 | Cluster9 [Cluster10|Cluster11
1 | always ask bill bad care | already | amaze | charge | manage | happy | pretty
2 |awesome| given |complete| basic |customer| another |delicious| arrive | terrible | quick tasty
knowl- .
3 best happen cost clear edge due favorite | guess
4 great min horrible | didn’t | phone |however| perfect | minute
love never | money left poor lack | yummy
pro- . .
6 fession nothing | paid okay
7 recom- sign a seem
mend & pay
select told rude
9 thank worst
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4C | Clusterl Cluster2 Cluster3 Cluster4 Cluster5 Cluster6 Cluster7 Cluster8
1 ask care call delicious another bad amaze bit
2 hair disappoint happen favorite bill horrible awesome enjoy
3 maybe don’t instead love charge manage best friend
4 ok either left lunch fine rude great good
5 pay money min perfect last terrible profession
6 said never minute spot pay worst recommend
7 still seem see yummy sign thank
8 wasn’t understand star
9 told
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Investigating the Performance of Bayesian-based Feature
Selection and Classification Approach to Social Media
Sentiment Analysis

Chang Min Kang - Kyun Sun Eo~ -Kun Chang Lee

Abstract

Social media-based communication has become crucial part of our personal and official lives. Therefore,
it is no surprise that social media sentiment analysis has emerged an important way of detecting potential
customers’ sentiment trends for all kinds of companies. However, social media sentiment analysis suffers
from huge number of sentiment features obtained in the process of conducting the sentiment analysis.
In this sense, this study proposes a novel method by using Bayesian Network. In this model MBFS
(Markov Blanket-based Feature Selection) is used to reduce the number of sentiment features. To show
the validity of our proposed model, we utilized online review data from Yelp, a famous social media
about restaurant, bars, beauty salons evaluation and recommendation. We used a number of benchmarking
feature selection methods like correlation-based feature selection, information gain, and gain ratio. A
number of machine learning classifiers were also used for our validation tasks, like TAN, NBN, Sons
& Spouses BN (Bayesian Network), Augmented Markov Blanket. Furthermore, we conducted Bayesian
Network-based what-if analysis to see how the knowledge map between target node and related explanatory
nodes could yield meaningful glimpse into what is going on in sentiments underlying the target dataset.

Keywords: Social Media Sentiment Analysis, Feature Selection, Markov Blanket, Machine Learning,
Bayesian Network, What-If analysis
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