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ONN-LSTM ZBi2us o83 galels L4y

o= T Fojo] EAlCl AHsA =He
tl, o EAE siAst7] flske] Lochter et
al.(2016)= 7% AAUES Zo| AAIE 970 H]
nko] FE WAAE FoE GE 7 A
gate] S A5
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Qutdoz FYRHE I3t 2l HolEol
A5 A g0l gl T olfE 93 2% do)
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(Lee et al., 2016; Kim and Song, 2016; Hyun et
al., 2019).
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e 71 & tiEAd 7IEel ONN
(Convolutional Neural Network)< convolution
layer2 TAEY  A=H,

7hEA o e A8k,

pooling layer= &A3IE 33 convolution
layerol| Al WIE1E FA3t 3k 7HH T (Tang
et al, 2019). CNN& e/} Qo= 74 8B4
o B3] wEell AR glol *Pﬁﬂﬂ_‘i gt
<Figure 1> GWHAQ] CNNO] 725 1902
FAT Aol

layer?}  pooling

Convolution layer<

Image Feature Map

Feature Map
. Output

Convolution layer

Pooling layer Fully Connected

(Figure 1) CNN structure

3+ LSTM(Long short-term memory)< 7371
deq wAE @237 f8 noE wd

(Bengio et al., 199922 AE AlolE, &7 7
olE, W AlolE T 3719 gate T = J}x 3
Ao o]= <Figure 2>+ 2t 4EH A|HY
AE|S LSTMO] AEsid, A A Zo
S A7 Az Aol AulolE © AHE

=83 = JAl FKGraves, 2012; Xu et al.,
2016; Rao et al., 2018; Abid et al., 2019).
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(Table 1) IMDB sentiment data

No Review Sentiment

I recently bought the DVD, forgetting
just how...

Nathan Detroit (Frank Sinatra) is the
manager ...

Leave it to Braik to put on a good show.
Final...

Nathan Detroit (Frank Sinatra) is the
manager ...

4.1 Y17 H|0|E{Q} MA{2

25,0007112] dlelE] Al 5 training> 80% (20,000
7W), validation 20% (50007H)Z FS1t}. IMDB
tlolel Al i dolEE weEoR AL
“17, 8L <02 #olE T4 Ho| e o]
golAuh, 7|ASEH Held 2l A 3slst
7] 93t g 2E AA g7} Hasith g2E A
A7t A== HA 2 o= <Table 2>9F T}

(Table 2) Data cleaning example

No Step Example

***SPOILER*** Do not read this,

1 Revi
eview if you think a...

spoiler do not read this

2 | N tuati . .
0 punctuation if you think about wa...

[spoiler, do, not, read, this,

3 | Tokenized data if, you, think,...

[spoiler, read, think, watching, movie,

4 Stopwords although...

spoiler read think watching movie

5 | Lemmatization
although...

TS H2E g5 dolH A H-E(punctuation
%, E3H(tokenization) g 713
sttt EEE gholBege Aol o3& ©
J+ Stanford NLPE ©]-&3}% ).

o] &3t TolE £/ Fl+=
o AL @x]xk]- 59 stopwordsE A A3z A
A E Atk 1 T dAAE H2E 4
< Boh A8t str] 91k, Hlsgt ofn|7)e
lemmatization% 83t +=1], Lemmatization=
Ak B3k oju] o] 7R dolg W

gt —’Fili}o}ﬂ H HH =

dA 2 Hyste WHIE %’3}9\1‘:} SR
a1 token one hot encodingS F3l A

HE TAsAeH, HE3E U4 Bowst
TF-IDF WE| 2 }+31 T} Bag of wordse ©oi7})
A Axtehs Ho® L]'OL A
2Ae A
A ZH2~E WEslehs HHOE H2E £/
| Wets wo] vhgE 4 Qs WEH3S ol

B ERAAE T b MEEE B LS
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Input data Feature extractor Feature

Training algorithm /Classifier model Make a result

I

(Figure 3) Proposed experimental process

z

SVM, XGboostE AAstHar, I £
(random forests)®} Gradient BoostE Hlnl =& S
2 Attt 3, gedolA "9 2E oy

FZ CNN &uglEs 53 92E E/E

A MEA G ALIHT B PA,
AEAQ ARG RN A8 1514 )
2EE $AZ WHSS o} o) ME S 3

M FoAE= Bag of Words(thol FHU)e}
TF-IDF7} §0] 221t

BoW(Bag of Words)&= B]2E A9 T3}
o] £AE FAISEY AH 2 HAE 7o
o3 H&5& A o] A3 EFE2 A7 =
B2 F7]5H, HolE FAEN AAE &
(Liu and Chen, 2015), B]2~E | £](Baydogan et
al, 2013) & o8] FgoA a8z mdF
< om, ojmz|et #HHE A7(Shuang et
al., 2018)° A = go] &85 . A= v

3% dolele] Aot Y 5L ol
& BRRANA AZE HATNS AT W 2
o3 gtk

TF-IDF(Term  Frequency-Inverse = Document
Frequency)© 7 &A1o gk At &0 RIEE
o]-&3t= PO E TF= 4] W Tojo] Rz

S2 UEhE, IDF £ 59 o] velxe)
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XG Boost

g | am s Label
Prn::opdo;led CNN + LSTM
g2 A Y245 Aol TF-IDF 7153
7} H& dolE= TRIDF/FEA7F e ol it}
F83, MRV =TS T4 Tl 9
057t B B AT E HolE AAT &
d2ES HEE HES u, Bowst TF-IDFE
AHgate] A tgt EAS FE3te] darE
& HaE F JUEES YT

7 WA, gl tiEFd 71l CNN,
LSTMS Hd 9 Hlw 2goz et
npAEko B H %?01] A Aekals 2EQ CNN

2 A5Ase AL 4 e 2ol

H3d £48 93, lemmatization® B|AEE
o=, dold EFSE A Jdgstth ©
o EFIE s, HolHE WEIAH

SAZ W15 = gle ¥ okt CNN LSTM
o] geldell &olstAl AHEE 4+ U= sequence
tolE = v & JA "ok

CNNYF & A8+ 79, one hot vectorg 3
d3l= word embedding AAE°] 1A SE WA
Ho} o] i, Y e A7+ ol w
g AR =Y, i i @] s duE HE
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pooling layer
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filter #1,#2

Word
embedding

malum

Max pooling
layer

Sigmoid
(Figure 4) Computation step of CNN

o] EAloA Hel4AE AAed 79 Hd
Aol 11910]7] wiizell gF 49 Aol A&
a3t o] WlEle] Hrfj Zo]E 12000.% )
TA%] word embedding IS TS} Th
T3k GPUY A%5S 183+ dimension= 100
o2 FA3E . 100 x 1200 2.2 7% word
embeddinge ETZE convolution layerE T3}
At

Convolution layer= filterE 1712 &33l=
convolution layer 1DE 256712 TFA33IH o,
kernel 2 2, 4313+ RelU, stride= 18 A
AT YOS E max pooling layerE A-&-3h]
kernel node & HUHS FIEE ST
Feature map= A783}7] 213t 25671¢] filteroll
3}84 ReLUE A-835F 3 17014 filterol]l &
3315k SigmoidE 4838t #7/7] gl &

AL @62 A sk SEES AR e
&d312]E 02 Adam(Adaptive moment)E ©]-8-3}
of £elE e} THCAdE FHAWME S AAksE

—Eé %7‘6‘ 0}9«51‘:}.

A, LSTMYE 283 73-9-ol &= CNN¥ Ha
g = A== word embedding #tS L3 A
%l —“?— sttt Hh 2 o]= 1200, dimension
2 10022 7% & FUeF LSTM layers +
3

’3}931‘:} o] #7442 <Figure 5>3} ZT},

L/

Sigmoid
LSTM layer —P‘ﬂl—bl LSTM I-bForwar‘d
“ word :#1 wor‘d ;#2
Word.
embedding

(Figure 5) Computation step of LSTM

LSTM layer®] A% sequence 5 Al A
2d A= gAS £ QT Z Y AlEE
forward2 A33 &8 AO]EE backwardZ
AR5ty R T oFeFo R HAG o
- sequence’} X2 wf, O WE £E=2 b
3k _}"0] 78] W&ot 128702 7w

S LSTM layerZ A4 23} %, 25%2] dropout
layerg A3t LSTM ¥
AE2 AP} Dropout layer ©]%oll<=

CNNAHE ZHA L oo} 12 RdEHE - 5=
sigmoid& S35 =E o833

& A7 AQE ZF 3 CNN-LSTMS] =3 =
do] %ol CNN, LSTME] Tz ds} b

ol /\O [e] S A~
8B5S AT
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Huldol= 1200, dimensione 10022 word
embedding #t= & Y3t AASATH CNNLE
AAE w= filters 12870, kemnel sizes 5,
feature map= T43F7] 918 pool sizeE 4% T
3% F, LSTM3% Y 3HA 25%9] dropout layer
£ WA o]Fol= Adame = 33T
o] #A-& <Figure 6>3 2t}

filter #1,#2

Word
embedding

O
—
Mafa%%cr)ling DE

Dropout layer LSTM

C luti
onvolution
layer DE

LSTM layer
Sigmoid ‘ ' |or

1

{Figure 6) Computation step of CNN-LSTM

-measure 52 H7IAEE o] &3} T) o] A X

ST EFEHA &3] ARRshe ASEA ©

A g AAATNN ASHT Y AEE]
o Ak WA ES] AL T g

P

Precision = TPLFP (1)
P+ TN
Accuracy = 5 N T TP N @)
P
Recall = 5y 3)

_ 2(Precision X Recall)
Fmeasure = Precision + Recall (4)

AAESS 3% ZAsy B4 Adge
<Table 3>, @zldol Oigk &4 A= <Table
4>9} 24},

AFAQd D ZAEF7IHAA Bowe
82.23%, TF-IDFE= 82.29%9] B A =E 2t
AALE 71AISE7 1 F SVM 7]Hke] BR 29
©] BoW$} TF-IDF 5 Ho]E M Eo] tste] |
Hd FF2 & FI=E 2y o A
ot & 7IASEF7IHES SVMET A&
T7} HojF o™, NBE= Bow Z@o] F2}9]A
2ol 7 AT} 7P W 76.44%F 7=
sttt TF-IDF E@ A& Gradient Boost”}
77.96%% 7} e HAFTE Byt Bowst
TF-IDF9] #E s} 374 & 24 & o, SVM,
RF, XG Boost2] 7%, 1~2% 2o]& R ok
2 " SA tisA NB7} ¢F 5.56%, Gradient
Boost= ¢F 7.8% A= zol7) Ut

o CNN 4] 23} 89.04%2 A =7} =



CNN-LSTM =

(Table 3) Experimental results of machine learning techniques

Training algorithm Vector Precision (%) Recall (%) Fi-score (%) | Accuracy (%)
Bag of Words 76.30 76.24 76.27 76.44
Naive Bayes
TF - IDF 82.61 81.83 82.22 82.00
Bag of Words 84.32 88.68 86.45 86.88
Support Vector Machine
TF - IDF 90.65 87.37 88.98 88.86
Bag of Words 81.38 82.17 81.77 82.00
Random Forest
TF - IDF 85.62 78.62 81.97 81.40
) Bag of Words 83.41 87.80 85.55 85.80
Gradient Boost
TF - IDF 76.58 79.02 77.78 77.96
Bag of Words 76.62 86.71 81.35 80.05
XG Boost
TF - IDF 78.09 87.40 82.48 81.23

(Table 4) Experimental results of the proposed model and deep learning techniques

Training algorithm Precision (%) Recall (%) Fi-score (%) Accuracy (%)

CNN 88.41 89.69 89.04 89.04

LST™M 89.20 85.40 87.26 86.88

CNN-LSTM 91.22 89.77 90.48 90.33
AERom, 9d LSTM £49] A7 86.88%  88.86%= 53 AAE HUAT, SVME
o Bgxrt S HAS. 3HH, CNN-LSTM = sequence E& 0] obd vectord 0. F HEP 3| oF 3}
Ftrdo] A= 9033 %] AT S o = o] At} Sequence EE o] obd vectord
71 5% B AYSEE Hols A0R YE 2AS AT Ag, dold 3 3l ot
s ol B4 W WE e Apdo] A UX|A
A g A BARJ] “abd o AFre g ¢
Ron, B AR F4E F A ol Hlg]
h A= CNN2 EA & 5T ), sequence &S 3
Y ESL T <A, convolution '@ F7|1E word
o] ATolMe B3 BH S He embedding®ll @2} 75 & 5 Atk SequenceE
g 71 ¢aglE?d CNNZ LSTMS Z2§shy o] & A, Al AFE FE5L F Ue
AQbstth. 1 A3, CNN-LSTM Z¢Ed o] & W ooflef, Hste £4S AfEA +H 2 W
=71 90.33%= & AF A<l 71ASE7H 4 corpusslete] FHT = QIk =3, sequence
Held @Y &7/ E3EG ¢ A Z ol Fg £ max poolingste] 71 #HAA & FAE &
sttt 7IASE7IM F SVM EEE A3 A F ok 3, 2FERL A= LSTM= 3
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Abstract

Sentiment Analysis of Movie Review Using
Integrated CNN-LSTM Model

Ho-yeon Park* - Kyoung-jae Kim**

Rapid growth of internet technology and social media is progressing. Data mining technology has
evolved to enable unstructured document representations in a variety of applications. Sentiment analysis is
an important technology that can distinguish poor or high-quality content through text data of products,
and it has proliferated during text mining. Sentiment analysis mainly analyzes people's opinions in text data
by assigning predefined data categories as positive and negative. This has been studied in various directions
in terms of accuracy from simple rule-based to dictionary-based approaches using predefined labels. In fact,
sentiment analysis is one of the most active researches in natural language processing and is widely studied
in text mining. When real online reviews aren't available for others, it's not only easy to openly collect
information, but it also affects your business. In marketing, real-world information from customers is
gathered on websites, not surveys. Depending on whether the website's posts are positive or negative, the
customer response is reflected in the sales and tries to identify the information. However, many reviews
on a website are not always good, and difficult to identify. The earlier studies in this research area used
the reviews data of the Amazon.com shopping mal, but the research data used in the recent studies uses
the data for stock market trends, blogs, news articles, weather forecasts, IMDB, and facebook etc. However,
the lack of accuracy is recognized because sentiment calculations are changed according to the subject,
paragraph, sentiment lexicon direction, and sentence strength. This study aims to classify the polarity
analysis of sentiment analysis into positive and negative categories and increase the prediction accuracy of
the polarity analysis using the pretrained IMDB review data set. First, the text classification algorithm
related to sentiment analysis adopts the popular machine learning algorithms such as NB (naive bayes),
SVM (support vector machines), XGboost, RF (random forests), and Gradient Boost as comparative models.

Second, deep learning has demonstrated discriminative features that can extract complex features of data.
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Representative algorithms are CNN (convolution neural networks), RNN (recurrent neural networks), LSTM
(long-short term memory). CNN can be used similarly to BoW when processing a sentence in vector
format, but does not consider sequential data attributes. RNN can handle well in order because it takes
into account the time information of the data, but there is a long-term dependency on memory. To solve
the problem of long-term dependence, LSTM is used. For the comparison, CNN and LSTM were chosen
as simple deep learning models. In addition to classical machine learning algorithms, CNN, LSTM, and
the integrated models were analyzed. Although there are many parameters for the algorithms, we examined
the relationship between numerical value and precision to find the optimal combination. And, we tried to
figure out how the models work well for sentiment analysis and how these models work. This study
proposes integrated CNN and LSTM algorithms to extract the positive and negative features of text
analysis. The reasons for mixing these two algorithms are as follows. CNN can extract features for the
classification automatically by applying convolution layer and massively parallel processing. LSTM is not
capable of highly parallel processing. Like faucets, the LSTM has input, output, and forget gates that can
be moved and controlled at a desired time. These gates have the advantage of placing memory blocks on
hidden nodes. The memory block of the LSTM may not store all the data, but it can solve the CNN's
long-term dependency problem. Furthermore, when LSTM is used in CNN's pooling layer, it has an
end-to-end structure, so that spatial and temporal features can be designed simultaneously. In combination
with CNN-LSTM, 90.33% accuracy was measured. This is slower than CNN, but faster than LSTM. The
presented model was more accurate than other models. In addition, each word embedding layer can be
improved when training the kernel step by step. CNN-LSTM can improve the weakness of each model,
and there is an advantage of improving the learning by layer using the end-to-end structure of LSTM.
Based on these reasons, this study tries to enhance the classification accuracy of movie reviews using the
integrated CNN-LSTM model.
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