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Sentiment Analysis Using Deep Learning Model
based on Phoneme-level Korean
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B Abstract =

Sentiment analysis is a technique of text mining that extracts feelings of the person who wrote the sentence like
movie review. The preliminary researches of sentiment analysis identify sentiments by using the dictionary which
contains negative and positive words collected in advance. As researches on deep learning are actively carried out,
sentiment analysis using deep learning model with morpheme or word unit has been done. However, this model has
disadvantages in that the word dictionary varies according to the domain and the number of morphemes or words
gets relatively larger than that of phonemes. Therefore, the size of the dictionary becomes large and the complexity
of the model increases accordingly.

We construct a sentiment analysis model using recurrent neural network by dividing input data into phoneme-level
which is smaller than morpheme-level. To verify the performance, we use 30,000 movie reviews from the Korean biggest
portal, Naver. Morpheme-level sentiment analysis model is also implemented and compared. As a result, the phoneme-
level sentiment analysis model is superior to that of the morpheme-level, and in particular, the phoneme-level model
using LSTM performs better than that of using GRU model. It is expected that Korean text processing based on a
phoneme-level model can be applied to various text mining and language models.
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(Table 1) Previous Research for Sentiment Analysis

Classified reviews by setting adjectives and adverbs(Turney et al., 2002)

Text sentiment

analysis
vocabulary(Taboda et al., 2011)

SWN-based sentiment analysis, using difference of sentimental value of positive and negative

Sentiment analysis

Recursive Neural Tensor Network model to classify positive or negative text(Socher et al., 2013)

using artificial

Text classification using Convolutional Neural Network(Kim, 2014)

neural network

Sentiment analysis using Word2vec and neural network(Gwon, 2017)
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(Table 3) Examples of Reviews from NAVER

examples of reviews
- 2A g2 93} (Unimpressive movie: )
- E43H7] FEAT}h--(It was hard to be immersed-)
- olo]= Folsl=d| Hrtouli= X3 2(The child liked it, but parents are boring)
negative |- 1w9] = 2EAW & AJofo] AR I} MEZEE §l 3 TE I THThe Pyramid of
Forthus Mann Olsinia is boring. There is no newness and glamor)
- o] "iHojA 'l olUy =7lo] thE o F7etulA #o]F(The director changed, so the feeling
was broken)
- ojo] &3} Zo] Yd ~~oj2e AL AHUAU LU saw them with the kids~ ~ and was funny as well)
- &% £ gok=d ARl e thought it was sad, but fun ha)
- 9 ZEd AedateA A Asd wge] A s AWA ol 8~ know why it is
. Kang Dong Won!! Gang Dong Won's charm pops!!! I have enjoyed it™)
posttive | _ A AFFHE~ ~vth~~ &AW 7 1329 A& HaHZE(Nice Jeju scenery ~ ~Sea~ ~
Yoon Ji-jung and Kim Go-eun were the best performers)
- wFAB A A7 YA BolFledl, 277 35 AUsiil 8 & 5 (The magic brush material showed
me a lot of fun, but my nephew is really excited)
(Table 4> Summary of Experiment Data LSTM =&} deja &9 LSTM 282 7+ J

wo) st 2 Ao

= orom HZE A3+
Phoneme Morpheme I& BolA gon 23 44
Number of data | 30,000(positive 509, negative 50%6) T 1070 Ao e FHoR 54 9oy
How to collect | crawling Naver movie reviews o] oF 1% =t} Z2(loss)2] A%, 7+ gk Hlo
Review length 333 143 H o] A wel vh|gste] 2 22 (loss) =
dictionary size 78 2006 Sa TS 28o] 0.01 ¥A SA4HJG
92 B9l mYel WL, GRU BYE 2 4
S B9 AN Feja vl RN Y o] o] Afol7k A (+/- 6.81%) 2T o
g vime) 9 1004 5L oledAT 5 &ol olFolAA 28 FAY 4 Sk
232 50 #X|(batch) Z7]¢}F 100 ol = (epoch)
& 3l olon] o]E Ad g o]HE o] &ate] At (Table 5) Accuracy for 10-Groups of Three Models
T9} 22 (loss)E AT g g5 do]E Phoneme-unit | Phoneme-unit [Morpheme-unit
o3k 144 Hoverfitting) S WAE17] 918(Sriva- model model model

stava et al,, 2014), =} AlZ=A 40%ZS dropout

LSTM 4 layer| GRU 3 layer |LSTM 1 layer
1-fold| 78.7333(%) 77.9667(%) 76.8333(%)

&9k Age Intel Xeon CPU 17(1659])¢} ofold|  79.9(%) 769333(%) | 783333(%)
NVidia GeForce GTX 1030 GPU 1717} A=l 3-fold|  78.8(%) 787(%) 789(%)

PCollA A&staom ©AZZ(TensorFlow)E 4-fold| 77.4667(%) 61.6667(%) 78.3667(%)
w ol = (Backend) & A A3 Algk~(Keras) #7]4 5-fold| 77.4667(%) 77.4(%) 77.9333(%)

2 AHE-3FAtHChollet, 2015).

6-fold| 77.4333(%) 62.5(%) 78.2667(%)

7-fold | 77.8667(%) 68.3333(%) 77.2667(%)

8—fold | 78.2333(%) 74.0333(%) 78.2(%)

4.1 Ay 2o 9-fold| 78.3667(%) 63.2(%) 77.3667(%)
» 10-fold  78.7333(%) | 64.2333(%) T7.1(%)
Al 2Ee] Aoee g dojE] 2ot 747t final | | 7873% 70.50% 77.86(%)
<Table 5>, <Table 6>l JEL} it} &2 ©h9) (+/- 0.79%) | (+/- 6.81%) | (+/- 0.64%)
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(Table 6 Loss for 10-Groups of Three Models

Phoneme-unit | Phoneme-unit | Morpheme-unit
model model model

LSTM 4 layer| GRU 3 layer |LSTM 1 layer
1-fold 0.4602 04725 0.4884
2-fold 0.4479 0.4848 0.4667
3-fold 0.4561 0.4570 0.4549
4-fold 0.4750 0.6171 04713
5-fold 0.4444 04773 0.4558
6-fold 04714 0.6427 0.4587
7-fold 04725 0.6112 0.4766
8-fold 0.4617 0.5615 0.4609
9-fold 0.4624 0.6355 0.4588
10-fold 0.4588 0.6353 0.4612
final 0.4644 0.5703 0.4701

<Figure 5>, <Figure 6>, <Figure 7>+ Al
2ol s HolHE Yoz 107 Jdow vy
Stk o, whA e 10 A Jke] Shsabd& dlA
HE(TensorBoard) & ©]§3te] ez vpephd
Aolth, 7t2&3 M 25E 7+ epoch, ASEE 9

gk,

<Figure 5 Phoneme-unit Model(LSTM) 10" Group
Learning Graph

¢Figure 6 Phoneme-unit Model(GRU) 10" Group
Learning Graph

¢Figure 7) Morpheme-unit Model(LSTM) 10" Group
Learning Graph
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