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(Table 3) Training data set
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(Table 4) Example of extracting sentiment words

loss ‘o™ 2o|ut AtE melofl st E2
¢ =g ek’
1-gram Eae
Senti
2-gram F2 A
word & M #
pattern T2 A& /HAY

32 Z4M 0§ F£= doF : SentiWordNet,
SenticNet, ZHASAl, ZHAEH{AFH0603

o] ERAME EEolo|N 223 24 o7
ol2lol % Thabat 9|3 428 T3 KNU 8%
of RS A ol9E B

—

3.2.1 SentiWordNet, SenticNet

SentiWordNet2 $]=U19] synseto] 2H= 2] o
Aol 2o e doAE] T4, ¥4, 4
HAol U A ASE T A HOlE}
SenticNet2 TrojEof tfgk vkl 22k 7id
_,] 71-/\4£ Z,:is]- Z:W/‘]' ]r,} @%o-] 71-
A A E FAst7] @l SentiWordNet
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o] T AFZ, SentiWordNet, SenticNet, 7+
Zé%f\h A GAAH0603S HIROE FEG
KNU o] ZHAR S 221Q] 410 & 2
ol A o37F EAUA &S T Atk o] =
LolA = ol FolAE AlgEe] FE 37
U AE AXSE A8 B2, AsA B2,
WA-F7E B2, 72 Z4Y Y ‘:ﬂﬂoloﬂ/ﬂ
AFEEIE A ol 5 Erqlel 583 < 1
4 A3E FAYLE FHet] A AR S
et =R A o3 Fojol, Hhelo]

TGTR T < I

(Table 5) The number of training data
and test data

train data set test data set

the number of gloss 5,544 304,450

zt eZolo tiaf gh=o] FRAYE 9T 3t
o] 3]7] 29l 'KoNLPy(Park et al., 2014)'e] U}
=0l A= Twitter BEIA 497](Lee et al.,

2010)723 A]—%s}.o:] %Eﬂi ‘ﬂ‘i“@' = t‘igé‘}._‘ﬂ_ Eﬂol
Elio] 2o AAsgth Aol AsE HFE
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+= Intel(R) Core(TM) i7-47902.2 CPU A&
3.60Hz®] 1L GPUE GeForce GTX TITAN X& A}
&3ttt

411 £E0| 24H 27 22

o] =&ML EEel £7E 918 Bi-LSTM
2dS AR5 T Bi-LSTM 248 7} thof o]
HEHE fJgo s W] wEo] o] AFoA=
FastText(Facebook, 2018)E 3t Z} ©ol&E 4
B #to 2 FA39 T E 62 AFE-F FastText2

3} 2} 1] Ef (Parameter) ©| T}

(Table 6) Used parameter values of FastText

model window size dim

value Skip-gram 2 50

¥ 72 Bi-LSTM EE F=of AM8-H 1ghv]
Elojt}, 4= X}(nput Dimension)< 1450
(29*50)°]H, 3 A sH(Optimization)= Adam 7|
< AHgeA Y =3 =FoF(Drop Out)’|H-S
A48t A (Over Fitting)S A 5153 T

(Table 7) Used parameter values of Bi-LSTM

epoch | batch size | leamninig rate | drop out

value 100 50 Adam(0.0001) 0.26
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(Table 8) Results of sentiment classification of
train data set and test data set

poS neg obj
train data 1,844 1,900 1,800
test data 55,489 44,524 204,437
L2olo Az AYUE AH-E, Fl-scores=
tea 2.

(Table 9) Results of sentiment classification's
accuracy, precision, recall and F1-score

accuracy | precision | recall | Fi-score
train data | 0.9689
test data 0.903 0.903 0.9281 09154
(pos)
test data 0.886 0.886 0.9336 0.9092
(neg)
test data | 6045 | 0.8045 | 093085 | 09123
(all)
F 99| H=E dlolHdl g &=, AU,
AdE 183 Fl-score= BEFH Eﬂi—E— Hlo|H
100070E 2491 2 FE3t] W7hae] Feloz

=4 At H2E Heolge A4 EF d3=
Aol ALTA  0.8945 AALAM=
0.93085 :LE] i

Fl-Scoreoﬂ/’\‘]b 0.9123°] A=
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(Table 10) Results of the number of extracting
sentiment words using gloss

very neg neg pos very pos

senti word 4,201 4,105 1,807 2,268

112 O 97 225 T3 23 44
0]3]e] EAo|t}. SentiWordNet¥} SenticNetol 4]
% 55771¢] 244 o3& F=3FA Tk SentiWordNet
3} SenticNet-> 212} &+ F-78 0] 7] 5007, 100
NE] synsetS F3l 743 013 FApo] Y= ATk

A EAL, ol A0603-S F3 F 33870
o 7Hd o3& FUletR o 54 of 3 digh
et FEHE FUeAT A& 9, Eth
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>~

ehe wofol Tjste] Sz gATh, Sl 29 steh
5o FHE FeAT BR A2 eelel
Bo] AH§EE Azl o] BEJEE KNU 3o

AR F7kste] SelolA ALgEE Al

SHT P O.R, of EFAE A
a Aol AEHE B olNE FaYoR
2390 fojol, wrole] So BAE Bl 4

Ao,

(Table 11) Results of the number of extracting
sentiment words using external source

SWN senti verb | neologism
: o ) . manual
SenticNet | senti wordDic | emoticon
sentl | 557 338 28 1,339

word

423 KNU st=20{ ZMAIE EA|

# 12+ KNU 3o 73 AP o] SAI | ot
SAAE B KNU @=0] 7H9AE F43
= A o3E FAHET FA ) o @o] Hy
of dvte AL & F Ak o] & T FAHA
7 oA37F FA A A o3l HlE) thekst
TEE /A doE e & F A}

(Table 12) The number of KNU Sentiment
Lexicon's sentiment words

very neg| neg obj pos | very pos

senti word | 4,797 5,029 154 | 2,266 2,597




AL FAHOE B 5 ok ARt wolA e
= ©@o19] oyt Hell 54 wojr} Akl nt
gt g8 A4E vyekd ¢ Qdnh dE =9, w0
DA Foh= HAA S} pdry7E Agete] B
o) & JeRdTh & 132 353 o3 ¥
B FAE YERdG o]& F8| KNU =0
AR E 2-gram, o7, EF 22 BT
A 37 dve AE & F A

(Table 13) The number of sentiment word's

type
neologism
1- - h ==
gram gram | phrase | pattern emoticon
sentl | 603 | 7861 | 278 253 28
word
3 14 KNU 3h=0f AR 9] 244 of 9o
tj3k ool

(Table 14) Example of the sentiment words in
KNU Sentiment Lexicon

senti word
] A )
-gram Y2AAE (1)
i vaw st (2)
-gram ARSI 3T} (2)
pos o= Aol 21 (1)
phrase olete I F (2)
S 9671 Atk (2)
pattern g 9] glo] £& (2)
7 (-22)
1-gram ER251T} (-2)
o vhg 991 (1)
. gar o] A7 (-1)
o ) 3= T e 5 (D)
phrase Aol T2 AR (-2)
it ol gl A elell /it 1)
pattern 3o B2)E= w7t Yot (-2)
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(Table 15) Comparison of korean sentiment
lexicon between seoul univ, open hangul and
KNU Sentiment Lexicon about qualitative

indicator
consider '
source method ) service
domain
seoul univ kosac counting no yes
open hangul std otin, no no
Vi
P u korean J
std extracting
KNU . yes yes
korean Vot]ng

(Table 16) Comparison of korean sentiment
lexicon between seoul univ, open hangul and
KNU Sentiment Lexicon about quantitative
indicator

1-gram | 2-gram | 3-gram | n-gram

seoul univ 3,476 6,579 6,307 none

open hangul 33,987

our lexicon 6,451 8,135 226 31
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(Figure 9-1) Results of input word which
in KNU Sentiment Lexicon

dilab.kunsan.ackr W&:

CHOL: |7 ctel ot °4=

2z

i
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(Figure 10) List of sentiment words
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Abstract

KNU Korean Sentiment Lexicon:

Bi-LSTM-based Method for Building
a Korean Sentiment Lexicon

Sang-Min Park*  Chul-Won Na** - Min-Seong Choi** + Da-Hee Lee** - Byung-Won On***

Sentiment analysis, which is one of the text mining techniques, is a method for extracting subjective
content embedded in text documents. Recently, the sentiment analysis methods have been widely used in
many fields. As good examples, data-driven surveys are based on analyzing the subjectivity of text data
posted by users and market researches are conducted by analyzing users’ review posts to quantify users’
reputation on a target product. The basic method of sentiment analysis is to use sentiment dictionary (or
lexicon), a list of sentiment vocabularies with positive, neutral, or negative semantics. In general, the
meaning of many sentiment words is likely to be different across domains. For example, a sentiment word,
‘sad’ indicates negative meaning in many fields but a movie.

In order to perform accurate sentiment analysis, we need to build the sentiment dictionary for a given
domain. However, such a method of building the sentiment lexicon is time-consuming and various
sentiment vocabularies are not included without the use of general-purpose sentiment lexicon. In order to
address this problem, several studies have been carried out to construct the sentiment lexicon suitable for
a specific domain based on ‘OPEN HANGUL’ and ‘SentiWordNet’, which are general-purpose sentiment
lexicons. However, OPEN HANGUL is no longer being serviced and SentiWordNet does not work well
because of language difference in the process of converting Korean word into English word. There are
restrictions on the use of such general-purpose sentiment lexicons as seed data for building the sentiment
lexicon for a specific domain.

In this article, we construct ‘KNU Korean Sentiment Lexicon (KNU-KSL)’, a new general-purpose

Korean sentiment dictionary that is more advanced than existing general-purpose lexicons. The proposed
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dictionary, which is a list of domain-independent sentiment words such as ‘thank you’, ‘worthy’, and
‘impressed’, is built to quickly construct the sentiment dictionary for a target domain. Especially, it
constructs sentiment vocabularies by analyzing the glosses contained in Standard Korean Language

Dictionary (SKLD) by the following procedures:

First, we propose a sentiment classification model based on Bidirectional Long Short-Term Memory
(Bi-LSTM).

Second, the proposed deep learning model automatically classifies each of glosses to either positive
or negative meaning.

Third, positive words and phrases are extracted from the glosses classified as positive meaning, while
negative words and phrases are extracted from the glosses classified as negative meaning.

Our experimental results show that the average accuracy of the proposed sentiment classification
model is up to 89.45%. In addition, the sentiment dictionary is more extended using various external
sources including SentiWordNet, SenticNet, Emotional Verbs, and Sentiment Lexicon 0603. Furthermore,
we add sentiment information about frequently used coined words and emoticons that are used mainly on
the Web. The KNU-KSL contains a total of 14,843 sentiment vocabularies, each of which is one of
1-grams, 2-grams, phrases, and sentence patterns. Unlike existing sentiment dictionaries, it is composed of
words that are not affected by particular domains.

The recent trend on sentiment analysis is to use deep learning technique without sentiment
dictionaries. The importance of developing sentiment dictionaries is declined gradually. However, one of
recent studies shows that the words in the sentiment dictionary can be used as features of deep learning
models, resulting in the sentiment analysis performed with higher accuracy (Teng, Z., 2016). This result
indicates that the sentiment dictionary is used not only for sentiment analysis but also as features of deep
learning models for improving accuracy. The proposed dictionary can be used as a basic data for
constructing the sentiment lexicon of a particular domain and as features of deep learning models. It is

also useful to automatically and quickly build large training sets for deep learning models.

Key Words : Sentiment Lexicon, Sentiment Analysis, Deep Learning, Text Mining, Bi-LSTM
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