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Fake News Detection for Korean News Using
Text Mining and Machine Learning Techniques
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Abstract

Fake news is defined as the news articles that are intentionally and verifiably false, and could mislead
readers. Spread of fake news may provoke anxiety, chaos, fear, or irrational decisions of the public. Thus,
detecting fake news and preventing its spread has become very important issue in our society. However,
due to the huge amount of fake news produced every day, it is almost impossible to identify it by a human.
Under this context, researchers have tried to develop automated fake news detection method using Artificial
Intelligence techniques over the past years. But, unfortunately, there have been no prior studies proposed
an automated fake news detection method for Korean news.

In this study, we aim to detect Korean fake news using text mining and machine learning techniques.
Our proposed method consists of two steps. In the first step, the news contents to be analyzed is convert
to quantified values using various text mining techniques (Topic Modeling, TF-IDF, and so on). After that,
in step 2, classifiers are trained using the values produced in step 1. As the classifiers, machine learning
techniques such as multiple discriminant analysis, case based reasoning, artificial neural networks, and
support vector machine can be applied.

To validate the effectiveness of the proposed method, we collected 200 Korean news from Seoul National
University’s FactCheck (http://factcheck.snu.ac.kr). which provides with detailed analysis reports from
about 20 media outlets and links to source documents for each case. Using this dataset, we will identify
which text features are important as well as which classifiers are effective in detecting Korean fake news.
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(Proposed C = 100, 53.33% 51.11%
method) &% = 100

7} <Table 3>, 54 dolejlel ujste] 7}
71 HE ARA(F 157D A, T, AR o
=3 W=7} <Table 4> 11]/‘13101 ATE ©]
oA B glol, A7 SVM2 A4
*J(false negative) AR =71 ANNY &7
oz yeht, tE 71 v 7P A X
el AR %A (false positive) ZAHI
Al SVM2 MDA®} 37 631 0.2 YER,
719 din] 7P e o2 yER T o4
e TR BY, SVME o5 Ao: o}
g} e EHAo] W& Hl§ SHAAM L B 7Y

=
ot 349 A5 debltn 4 e,

= =

E_E‘H'T

S T oy o 12 i A ulo =5

S o

(Table 3> Frequencies of the False Negative Cases

Actual Predicted Label
Model -

Label False |Neutrality| True
MDA 8 4 3
CBR 8 3 4

False
ANN 7 7 1
SVM 9 5 1

(Table 4> Frequencies of False Positive Cases

Actual Predicted Label
Model -
Label False |Neutrality| True
MDA 6 2 7
CBR 7 2 6
True
ANN 9 2 4
SVM 6 4 5
t}&- 02 <Table 1>3} <Table 2>ﬂ ZERUS=
el B9 1070 F& 0}04 SVME A&35 &
A& 7|2 md2 Hgahal FrhE 7} uﬂE} gl g
2 Hgah 492 Adstarh ALAD 2
& e tlolE & A&ste 7 7k HHE 3 |
A, AAE L ol g3t T WA Qo
7)ol wet Egete] o] &sh= WHoR dge}
Ak e XE HE dolHE A8s Bt
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7t vlg} dlolE M& 43 diE

55 28t #HA 23S vhEo] 88tk
ofefoll &= e} wolejd A3 4 5>
of AAE o] dt}. <Table 5>¢] A3} AuH
A =¥, HEE diolElAlel] tiate] 7] R
AZAF vlE} dlolH o] AAE BF o] &3te] F
7hehe A9 odF AEET} 60.00% % th o
2§53 oS A E Kol /E mdd 7}
w et dlolH ]

!
g F7bele A9 A% Qawal 56569t of
% A

SO & <Table 5>9] A3fol| we} 7]& 1
dlof] o122} e}l Hlo]E e AAE BT o3}
= Zdo] MDA, CBR, ANN, SVM< %83}

g2 77 oS A E v 248 Be A
Aede A volHe &
o] 150712 F38kA] e¥o} nlul Wl = 5-fold
WSS ALt ofgol &= 5-fold wAHH
% A% A7} <Table 6> AA =] 9o
<Table 7>°ll= 7| A <5 7I¥el wet 2+ Fold
W 7 = A9E Hole By AAghe] Al
A= o] 9lth <Table 6>2] Aa2 A wA
W, A5E& veolEAld diste] SVMES 4§
7499 Hit o F A7t 55.33% = M 5

A, & AT AT A= XS 1070
Z3to] A=A} WEH O HE 27te oA

FEsk 5P AT 5 YAk 53, ANN

(Table 5) Prediction Accuracy by Meta Data

Model How to apply Setting value Training Validation
Base + Category 2 Lmecar:kleénel, 63.81% 53.33%
Polynomial kernel, o 0
Base + ! C=1d=3 o0 A
Related i
elated person ) meear: 1;%131617 61.90% 40.00%
) CRzBﬁokzrzne:L , 76.19% 40.00%
Base + Occupation RBF i{ 1
9 co 10 ebrzne: 66.67% 483.89%
) Polcynfnfall ier;d’ 4952% 48.89%
Base + Party Pol : 1 kernel
) ocyriorggad Snie’ 56.19% 43.89%
. . EBE kgg“fléo 61.90% 60.00%
Base + Media S —
) mecar: 16(1)’116’ 53.33% 43.839%
) Poéyriorgn;aldkirriely 55.24% 46.67%
Base + TCHC Pol H~y1 kernel
) ocyriorlrgad i:rriey 57.14% 43.89%
Base + ALL Best combination Lmegr :kelmel’ 77.14% 55.56%
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o] 4% g5 dolE Mol tishe] 95.84%2]
T o= AREE Kot whE HEE bolH
Aol tisto] = 44.67%°] St oS =Rt B
o= A& ol sl dlolElz} 38k 591
ool gl 1 vl e AL & % 9l
o YA oz ANNE $2 dolE7} Ae
ol = Bpsta Yi 4L HolE st Fo15 7
o g Hojzint

(Table 6 Prediction Accuracy of 5-Fold Cross Validation

ufx|uko 2 23 7} Aol o)} BEAH =R
ol A& ASst7] 918, ol HlEH A (two
sample test for proportions)s 3tAtk £
TolA A8 o] FE HE&HA ] 757 Ho=
pi=pp NHB7Hd Hat p, >pylp, - B8 A9
A& volEAlel] gk i oS8 % vlE)
olt}. o}# <Table 8>+= o|&] 3} o] F & H]
o] A3 YEpfaL ok o] FolA =
SVM 2382 MDAE &2 CBRIE %
& stoll A FAASE FofT 3} AfolE H
2 YERSTh =3 ANNe tis) A& 9
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Table 8 Z-Values of Two Sample Test for Proportions

CBR ANN SVM
MDA -0.116 0.348 -1.501"
CBR 0.463 -1.386"
ANN -1.848™

Dataset MDA CBR ANN SVM
v 1 | Train | 70.00% [ 46:70% | 95,009 | 7417%
0.
Valid | 43.30% | 4330% | 50.00% | 53.33%
rod o | T | 65.00% | 35.00% | 06.67% | 60.88%
0.
Valid | 60.00% | 60.70% | 36.67% | 63.33%
e 3 | Train | 5080% | 5330% | 06.67% | 60.17%
[e)
Valid | 40.00% | 40.00% | 36.67% | 43.33%
g 4 | Train | 4020% | 45:80% | 96675 | 63.33%
0.
Valid | 46.70% | 52.00% | 46.67% | 60.00%
rod 5 | Train [ 63309 | 45.00% | 04.17% | 63386
[e)
" Valid | 43.30% | 56.70% | 53.33% | 56.67%
A Train | 60.66% | 45.16% | 95.84% | 66.17%
verage
€™ Valid | 4666% | 5054% | 44.67% |55.33%

{Table 7> Optimum Setting Value for Each Fold by Machine
Learning Technique

Data—

MDA CBR ANN SVM
set

Fold |Full entry |Manhattan| Hidden | RBF kernel,
1 method | distance |layer=35| C=1, §2=1

Fold |Full entry| Euclidean | Hidden | RBF kernel,
2 method | distances |layer = 18 |C =10, §*=25

Fold selbetzetli)on Euclidean | Hidden | RBF kernel,
3 distances |layer = 18 |C =55, §* =50
method
Fold | P | Buclidean | Hidden | RBF kernel,
selection | . - B .
4 distances |layer =52 |C =33, §6° =50
method
Fold |Full entry|Manhattan| Hidden Polynomial
5 method | distance |layer =70 kernel,
C=100, d=2

“statistical significant at 5%, “statistical significant at 1%.

5.4 &

= AT E BAE vlo]dS &83) F>
=4S A¥std g2EC] SAGRER Wil
ZIA B el Aot A= RS Akl
39 dolHE &85t At Ry A
& A% Ay, BEgE 107 FE A8A}
mEtdolElE &8-3te] SVM 7]Hel #-&3h=
Ryo] ke X5 s, 7P e A
2 Holy EAHorE {3 3} 2o]S &
AT F AATh FAH R B ATt 2tE Al
e s 2 o 2k

A, 2 A el A 23k FEe] gl
A A &k AsstE b B U E A
A5 A A 7IM A5 & de ek
AT k= AellA oJn7h gik 58] & AT
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o AQF L HFstar Aol Q1917 7)qio] Heol e Y4 dole & ARloly 214 E W3
oA o R Bol aH = Zeo] ot} 71 7] ot WA A8 u 52 A& tishil Fact-
Z24Q 9 g92E wlo|Y3t 7|4 g5 71 Check o]¢follA = 71 tlolHE FH8 &
o g FEo] Thed RS Atdnte Aol ATk EFH Hloly oy S B
M AFHow ou7t Sl AE Al E T 2 7 & 5 qdvkar e vlely AE¥ (Data
A, U HArA dolHE sk 1y sampling) 71®Rolut WA o] el A A a2 714t
& Agstal 7hsd S ERlvke oA e & F7hete] &&-3k= v A =85 (semi-super—
qow owsl Qi Avel ARG B ol vised leaming) 3 2 ke 7S Aed u
olf FHo] HHom &olsttte o= O i, 1 AsE gl B A 9] e %
el Jbiis 94 WHE Q7oA Ags  AFe A7 9 gew g,
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