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Abstract

Fake news isexpanded and reproduced rapidly regardless of their authenticity by the characteristics
of modern society, called the information age. Assuming that 1% of all news are fake news, the amount
of economic costs is reported to about 30 trillion Korean won. This shows that the fake news isvery
important social and economic issue. Therefore, this study aims to develop an automated detection model
to quickly and accurately verify the authenticity of the news. To this end, this study crawled the news
data whose authenticity is verified, and developed fake news prediction models using word embedding
(Word2Vec, Fasttext) and deep learning algorithms (LSTM, BiLSTM). Experimental results show that
the prediction model using BiLSTM with Word2Vec achieved the best accuracy of 84%.

Keywords: Fake News, Korean News, Natural Language Processing, Deep Learning, Text Mining

*  Deputy General Manager, Data World
*%  Professor, Department of Business Administration, Hanbat National University
w%%  Corresponding Author, Assistant Professor, Department of Business Administration, Hanbat National University

2021. 11. 145



e
ofn
ok
i
[
—o
s
r

fok

OM X210

Z (dhcrom@naver.com)
T3t oH,
:,—11_ }:7_:7_7]{]. ﬂ.@ /\])\Ed :l.Lz o)
A, 994, Adojxg,

SECE BIEOIEE IR
FA) ARgJel] Felsta glom,
A% 74 Solth

2 A 2 (gkim@hanbat.ac.kr)
Tt A g e} t‘“}ﬂﬂe Fostdon, dA) hEdsty 37498k
oA nFE A F Folth T8 T4FEoRE HRYL 2EZX Y, HlholH
2o, "3 71e 4 A O]EP.

Z 2 & (keunho@hanbat.ac.kr)

AU TN FGs} B & st o, dA) b gt 37 E
AN ZuFE AZ Folth T8 BHRE= FHA2H, 98 vy oy 4,
98y, HAlgd solth

=28 20214 088 03¢ HMEAEL - 20214 108 16Y
1A =E 20214 09€ 14¢
146 Information Systems Review, Vol.23, No.4





