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Political Opinion Mining from Article Comments using Deep Learning
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Abstract

Policy polls, which investigate the degree of support that the policy has for policy implementation,

play an important role in making decisions. As the number of Internet users increases, the public is

actively commenting on their policy news stories.

and offline surveys. Collecting and analyzing policy articles is useful in policy surveys.

Current policy polls tend to rely heavily on phone

In this study,

we propose a method of analyzing comments using deep learning technology showing outstanding

performance in various fields. In particular, we designed various models based on the recurrent

neural network (RNN) which is suitable for sequential data and compared the performance with the

support vector machine (SVM), which is a traditional machine learning model.

For all test sets, the

SVM model show an accuracy of 0.73 and the RNN model have an accuracy of 0.83.

» Keyword: recurrent neural network, opinion mining, semantic analysis

[. Introduction

A

of mem QIEY olgA b 4,300 We Esdln
ge (1. ey 9
g2 Qs Lol frael 2k Q4 AE
YFEe]l ge Fal AN e

2 9k
ol 4% ARAAE A6 e
ke AR gRE S gle

Be 7 s H3Ho

[o
t:
2
jair
e 32 S
H

2
N

Mo B
o

He] ol Ao

=l

N
N
rob i

[

Mo oo B 1@z
=

0,

rlr

N

]

N

S

ol

T .

o
sk
4

2o S0 gt
O
<]
)
[
10
Sl
N
~
>,
2,
N
oo

2 rju o o}
it & o fo

tlo

o @ Aoltt

A REe BAsm FgdEE ARE olddE B
PR i Y AR olgsAY mAHQ /A
% RdE pesel AR 1em, 4% Ww 2
e o 9F WA FE AT ZEad (2 3l

W, AT ABAS Polld Helde] ge FE
s wa gtk PP 4e FEZ ool AF A
Auel eg JMe QPeth dHeEde oud, %
4, AdolAE Bol gFF Gl Hold 4nE A
Fo A% $9e wa oo [4, 5, 6]

B ATANE 9oy 1Es JBes A ue
9E BH Rde AAsm AL B AL W
2 s,

B owRe P nest gu 23edE 9Ee
PAE e 97 4uE duna ¥ A%l 4gw
9o 7l%e oEH WAL A@dt.  33ME 2

* First Author: Dae-Kyung Sung, Corresponding Author: Young-Seob Jeong
*Dae-Kyung Sung (kdcal035@knu.ac.kr), Dept. of Computer Science and Engineering, Kyungpook National University
**Young-Seob Jeong (bytecell@sch.ac.kr), Dept. of Big Data Engineering, Soonchunhyang University
* Received: 2017. 11. 01, Revised: 2017. 12. 13, Accepted: 2018. 01. 02.
* This work was supported by the National Research Foundation of Korea(NRF) grant funded by the Korea
government(MSIP; Ministry of Science, ICT & Future Planning) (No. 2017017836). This work was supported by

the Soonchunhyang University Research Fund.



10 Journal of The Korea Society of Computer and Information

Aol AATEE Al2Ee] AAARl el s &) (Hyperplane) & F i 7H vR (Margin)& W=
ot ARelMe= ARl AR dHlold, S deh] dke SEAANE dus e Fohla, o A
B,  A@Adel dis] o 5FME AR 3 5 WS of&d A= fHo] o= W
AT WS AN = Edolr. o] e v A
o

g 2

g oAe PAsHs Amt Zel B & qqAw

1 Preliminar A2 vitolol 54 el d§ ARe BAs: o

- Frefiminaries Ul mlold Rodd 7] ALHE wMsuy e
.

u}
Zlwol W & FAgths A9t IR ESIT (12
131, & AFeAe ol Hed vles AA 7)A
g Al && sl
Adole]l  Zb o] she] oumieze & WA ovwiE
elsly] otk A o] FokS ffeirE wolo] ok
WS aFsfop sk, dAGH dolEs aHFoEH
WARE S8at7] sl ke Held
Neural Network (RNN) T} RNN< t}e)gh z}e1o]
sl FHold Aee Hola vt [14, 15, 16].
Fig 1& RNN®| 7[E x5 uehd Zola,  o]g o]
3 HES FAske e wolss dWH=E vk g
F2 gt RNNS dnbg oz fifo] Adojd %9 A4
ol Mgt wed, 1 A9le 59 HAdA FHE]
QA7 T8 MEEA Xl wielth o] wAlE S5
slaal Bk ek 729 RNN EdEo| A)jE Hflom,
.r/_)@(__ IN x4l BdE2 TLong Short-Term Memory (LSTM)Z}
>OUT Gated Recurrent Unit(GRU)7} Itk [17, 18]. Fig. 2, Fig.
& 747} GRU Alo]Est LSTM Alo|Ee] 25 yehd
Fig. 2. GRU Gating Zoltt.,  LSTMZt GRUE 2459 =29 | el
Hu7g FHEE o 53 AolEE AAste &Y
Ay w3 HAg 2 4 A S [19].
\Tf = E Aol 9 RNN 7ub mEES olgs RIS
(c

1. Related works

unfold

2] EAlel

Fig. 1. Basic structure of RNN o
O

oo

Bosa e mdw 4ue wa s

IN

- P S P ouT

Fig. 3. LSTM Gating
[1l. The Proposed Scheme

280l oAb Yig B4 #d Aol FE AN
7}k

A 2
AR g v mde 2449 oug ok —

wojeh HAHel onE =e dols T AT 24 | Embedding | — [ Werd
AR FHA B FAAA Fe N4 ARE F Hodde

# us

=L
wolth, o] Te gl AR SErt W=
p Agree
e Al QAW e . —y G
Support Vector Machine(SVM) 29 T3 digd 24 Classifier
Isagree

Avel A &8 FHoltwk [91. SVM EEE 79
e ed G delHE geshs EeEaAd Fig. 4. System Structure




Political Opinion Mining from Article Comments using Deep Learning 11

Fig 4= & A7olM AXehk:
thdl - Zlojth =5 72 F

oA wo] HEe yde vehlie e X 5
Tl Aol FAeteEA wdisteAE EREh

Azsle] AAA T2

=
=
ol A= Yy

ol T

—_

Word Embedding Module

INPUT PROJECTION  OUTPUT
/ w(t-2)
/ w(t-1)
of ||
v
w(t) —
\
\ w(t+1)
4 w2)
Fig. 5. skip—gram
J= g REAAE W5 <lele) Age] v
Tl wAEE A= dWlds £ vk = Y
S 371 SsiMe ARl g AAS AAoF sk,
olw) Bagd EFe FHF 92T s LS AHead
om,  Fig 58 o] FHs= wol shuE FHe|

8+55h= skip—gram
gho] T o

H
W] Ydz g g

S ol i =
Jeaot FA] oR whE & WESE A2 53
ok A 92 o = (W, Wy, W,) 7b milel

T
ofs
oft
ol
-
rr

P, ={mk7p08k} (1<k<n)E gz m,
FAE B2 pos, = 3Eh dz e 2 Qe
Hol, HFHoZ Ja Cx

A,

E—%]gé ‘/;E]thxdi

|

Vio Vil Vtz . Vi

CATIITCETT O] LT

fully connected layer

softmax layer

Fig. 6. Classifier structure

2. BRNN based Classifier
Fig. 6= RNN 7|9k 277 725 depd Aotk 4]
dMld EEOAM  HALHE ol FHeEa 9

Q=S A
Vios Vit e » +,V,, & RNN layer2 #ggtcl, RNN layer

[t

n

8ol W@ HdS FH3l AMESke Bidirectional

ARESIATE [21] . RNN layerZ AX ol n7l
©] RNN cell ¢ gk & shte] WE] g, eR" "2 BHE0]
fully connected layer2 H&d] A9S FA43T) HFHo=
softmax layerol 4] gigo] AAlo] tjs|x 3T S5 v
3 stg= wd gk

2.1 RNN Layer - LSTM
LSTM7I4t RNN layerdlME & 348 Vol dis) t7}
285 yehd o,  hidden state® =% %k

it:U(Wi, * [htflvvypt]iji) (1)
5= U(Wf * [ht—v Vzt] + bf) (2)

G = tanh(VVc * [ht—lﬁ Vzt] + b(;) (3)

CG=fH*C 1 +i*C (4)
o, = (W, [htflﬁ Vzt] +0,) (5)
h, = 0,* tanh (C,) (6)

Qg AIE i,

Al cell state @S AXFsk=dl 9o



12

Journal of The Korea Society of Computer and Information

e Wy g dvid AR AE AAETE
ACIE f, & oA cell state gt & GrivHE 71Ysta

=AE AEth A Q), @ = cell state® ARt
S HS HolFed, (3) olMT cell state $H 3k
GE AN sz, @ dNE oA state C,_,°l

A

1

>0

~

iz
AE &8 @t 5 wet FH @ ¢ o 949 Ao
E & Wil NEE cell stateE AGTE &Y Al
E o,& A9 W state #e AvpuEs 9Fe] A

% h,& tanh(C,)dl
wdll &4dstd,  hFE h,7HA

Zegr),

=9

X,
o,
(m
=
_9
]

2.2 RNN layer - GRU
GRUZI¥F RNN layereld &% gt h,© T 2o

A layer 9 H% A'F A F &Y
R1<1<L)e tgs ol At HHoh
Rt=f(Whe ., +0b)  (11)
R=fwhe n' =t +4)  (12)

gk

A layerdlAE RNN layer &9 3t A" & Hg &

o s
P
sty B oAl e
A A E0E ol %o
of Tdd S Fds Y
(12) ¢} 2 Arks Fegsiy

layer® A3

s w
ReLU
hil
=

Softmax

wola welej~ bt fre tle
2 73 s vs o2 dddhe it

A% =9 heR*E

woie 8 ez xg g
Akgi},
Table 1. Dataset
r,=o(W, « [h,_sz,]) (7)
( [ ] number policy agree |disagree| total
z,=o(W, « [h,_,,2,]) (8)
: <q> |hase out 2127 325 2452
— ( [ ]) (9) nuclear power plant
h,=tanh (W « |r,*h,_q, 2, 9 , :
<o> Dem entllal .natlonal 341 494 835
( )* e ( ) responsibility
hy=101—2)%h;_1+2z"h, 10 . I
<3> lNatlonalI university 630 542 1170
- o6 o]m.o - - integration
Al AClE e AR gEe ofd HEe o4
o ) ) . ) <> Greenstone belt 454 993 1447
A FE AE AHdFed, 9 TR OFS AN o relaxation
ol 9 gt h_yol A AelE ¥ Re FHom total 3552]  2354] 5906
A oold EHS A AClE EFH 3 e wges 9
Table 2. Data Example
ugth,  EelE AOlE 2, & o HEE dvtE
number content label
719 =& AEF EaPN| A addleoleE ol E
]’“IE ]E OOHT':D]'- T (10) oﬂ 1 H ﬂ ]:— 7'” — ol ool = ~atm =eof, rarec(0)
29 glow W Au b9t 2 FHI 4,5 oW g | MHZ ZEtdl H2x) @D ’
- 5 } A oiE HF {F S0{7tn :
A z=F 84 ARH by, RV ALR 99 go emw H1el o disagree(1)
O2WE S orstHH It
Atzb g WioF ofx Zshk= agree(0)
2.3 Fully connected layer2t Softmax layer <4> A2t oS LE?
Fully connected layer= olg] 29 74 YE9I=Z F i%{@@gl E\ﬁ% 504;34%7”7 disagree(1)
- al %%6 = C|
g slo] glow, B apeldE L=302 Hesgic
Table 3. accuracy by model, where <n> denotes the dataset index in tablel
model <1> <2> <3> <4>
SVM + unigram 84.5 91.6 65.1 67.9
SVM + bigram 84.6 91.6 67.2 67.7
LSTM + onehot 86.4 85.3 71.3 70.3
GRU + onehot 86.8 87.3 71.7 70.4
bidirectional LSTM + onehot 90.2 91.3 73.3 71.6
bidirectional GRU + onehot 90.4 91.3 73.4 72.3
bidirectional LSTM + word2vec 88.7 91.4 73.1 69.7
bidirectional GRU + word2vec 89.2 91.3 72.5 70.3
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V. Experiment
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Table 4. Learning and testing time (s)
model train test
LSTM + onehot 1,132 79
GRU + onehot 1,017 77
LSTM + word2vec 217 34
GRU + word2vec 205 33

V. Conclusions

&+ Ardds RN 7P ged Bds A s
ZAE g BAe olgel WM Al siler, Ve
= Al F2 ARHE" SVM RHel] H& w2 A4
T& Hlh A &

5g oz AW g 2 5 £
§9 Zloz /g, S nd we dold
2 s 9ede 54 4 doHE b A A4
15

ke Ao daEm CNN 7|8k 2d 29 T2 g
gy 7EE AET oFHolt}
REFERENCES

[1] KISA. "Internet Usage Survey in 2015", KISA, 2015.

[2] Jinju Hong, Sehan Kim, Jeawon Park & Jaehyun Choi.
A Malicious Comments Detection Technique on the
Internet using Sentiment Analysis and SVM, Journal of
the Korea Institute of Information and Communication
Engineering, 20(2), 260-267, 2016.

[3] Hana Cho, Yeounoh Chung, Jaedong Lee and Jee-Hyong
Lee, "Sentiment Analysis Using News Comments for
Public Opinion Mining," Journal of the Korea Institute of
Intelligent Systems, Vol. 23, No. 1, pp. 149~150, 2013.

[4] LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep
learning." Nature 521.7553.  436-444, 2015

[5] Dong, Chao, et al. "Image super-resolution using deep
convolutional networks." I[EEE transactions on pattern
analysis and machine intelligence 38.2, 295-307. 2016.

[6] Lample, Guillaume, et al. "Neural architectures for named
entity recognition." arXiv preprint arXiv:1603.01360,
2016.

[7] Nasukawa, Tetsuya, and Jeonghee Yi. "Sentiment analysis:
Capturing favorability using natural language processing."
Proceedings of the 2nd international conference on
Knowledge capture. ACM, 2003.

[8] Jinju Hong, Sehan Kim, Jeawon Park and Jaehyun Choi,
"A Malicious Comments Detection Technique on the

Internet using Sentiment Analysis and SVM," Journal of
the Korea Institute of Information and Communication
Engineering, Vol. 20, No. 2, pp. 260~267, 2016.

[9] Myo-Sil Kim and Seung-Shik Kang, "A Design and
Implementation of Malicious Web Log Identification
System by Using SVM," Proceedings of the 6th Annual
Conference on Human and Cognitive Language
Technology, , pp. 285~289, 2006

[10] Zhang, Dongwen, et al. "Chinese comments sentiment
classification based on word2vec and SVM perf." Expert
Systems with Applications 42.4 , 2015.

[11] Huang, Jin, Jingjing Lu, and Charles X. Ling. "Comparing
naive Bayes, decision trees, and SVM with AUC and
accuracy." Data Mining, 2003. ICDM 2003. Third IEEE
International Conference on. IEEE, 2003.

[12] Kalchbrenner, Nal, and Phil Blunsom. "Recurrent

Continuous Translation Models." EMNLP. Vol. 3. No.
39. 2013.

[13] Irsoy, Ozan, and Claire Cardie. "Opinion Mining with
Deep Recurrent Neural Networks." EMNLP. 2014.

[14] Yang, Zichao, et al. "Hierarchical Attention Networks
for Document Classification." HLT-NAACL. 2016.

[15] J.-P.S. Draye, D.A. Pavisic, G.A. Cheron, G.A. Libert,
"Dynamic recurrent neural networks: a dynamical
analysis", Systems Man and Cybernetics Part B:
Cybemnetics [EEE Transactions on, vol. 26, pp. 692-706,
1996

[16] Yao, Kaisheng, et al. "Recurrent neural networks for
language understanding." Interspeech. 2013.

[17] Hochreiter, Sepp, and Jirgen Schmidhuber. "Long

short—-term memory." Neural computation 9.8, 1997.

[18] Chung, Junyoung, et al. "Empirical evaluation of gated
recurrent neural networks on sequence modeling." arXiv
preprint arXiv:1412.3555 2014.

[19] Fu, Rui, Zuo Zhang, and Li Li. "Using LSTM and GRU
neural network methods for traffic flow prediction."
Chinese Association of Automation (YAC), Youth
Academic Annual Conference of. IEEE, 2016.

[20] Mikolov, Tomas, et al. "Efficient estimation of word
representations in vector space." arXiv preprint
arXiv:1301.3781 2013.

[21] M. Schuster and K. K. Paliwal, "Bidirectional recurrent
neural networks," in IEEE Transactions on Signal
Processing, vol. 45, no. 11, pp. 2673-2681, 1997.

[22] Pedregosa, Fabian, et al. "Scikit-learn: Machine learning
in Python." Journal of Machine Leaming Research 12.0ct
2825-2830,  2011.

[23] Luong, Minh—Thang, Hieu Pham, and Christopher D.
Manning. "Effective approaches to attention—-based

translation."  arXiv  preprint

neural  machine



Political Opinion Mining from Article Comments using Deep Learning

15

arXiv:1508.04025 2015.

[24] Bahdanau, Dzmitry, et al. "End-to—-end attention—based
large vocabulary speech recognition." Acoustics, Speech
and Signal Processing (ICASSP), 2016 IEEE International
Conference on. IEEE, 2016.

[25] Yang, Zichao, et al. "Stacked attention networks for
image question answering." Proceedings of the IEEE
Conference on Computer Vision and Pattern
Recognition. APA, 2016.

[26] Aharoni, Roee, Yoav Goldberg, and Israel Ramat-Gan.
"Morphological Inflection Generation with Hard
Monotonic Attention." Proceedings of ACL, 2017

Authors

Dae-Kyung Sung is currently a B.S.
candidate in the Department of Computer
Science and Engineering at Kyungpook
— National = University . His  research

interests include deep learning, text
A mining and big data analysis.

Young-Seob Jeong received a BS in
Computer Science  from  Hanyang
L} University, Korea, in 2012, an MSc in

Computer Science from KAIST, Korea, and
3 in 2016, a PhD in School of Computing
,77 from KAIST, Korea. He joined the faculty

of the Department of Big Data Engineering at
Soonchunhyang University, Asan city, Korea, in 2017. His
current research topics are text mining, information
extraction, action recognition, and dialog systems, where
his fovorite techniques are topic modeling and deep
learning.



