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ABSTRACT

Recently, fake news has attracted worldwide attentions regardless of the fields. The Hyundai
Research Institute estimated that the amount of fake news damage reached about 30.9 trillion
won per year. The government is making efforts to develop artificial intelligence source
technology to detect fake news such as holding “artificial intelligence R&D challenge”
competition on the title of “searching for fake news.” Fact checking services are also being
provided in various private sector fields. Nevertheless, in academic fields, there are also many
attempts have been conducted in detecting the fake news. Typically, there are different
attempts in detecting fake news such as expert-based, collective intelligence-based, artificial
intelligence-based, and semantic-based. However, the more accurate the fake news
manipulation is, the more difficult it is to identify the authenticity of the news by analyzing
the news itself. Furthermore, the accuracy of most fake news detection models tends to
be overestimated. Therefore, in this study, we first propose a method to secure the fairness
of false news detection model accuracy. Secondly, we propose a method to identify the
authenticity of the news using the social data broadly generated by the reaction to the
news as well as the contents of the news.
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(Figure b) Example of Harsh Setting
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(Table 1) Virtual Prediction Results of A Fake News Detection Model Using News Data

newsID N_Topicl | N_Topic2 | N_Topic3 | N_Topic4 | N_Topich Target Prediction
3 0.8 0.6 0 0 0 True Fake
4 0.9 0.7 0 0 0 True Fake
5 0 0 0.9 0.4 0 Fake True
8 0 0 0 0 0.8 True Fake
9 0 0 0 0.9 0 Fake True
13 0.3 0 0 0 0 True True
15 0.2 0 0 0 0 Fake True
20 0 0.9 0 0 0 True Fake
21 0 0.8 0 0 0 Fake Fake
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0 .
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Validate True 4 b2 0 o7 0 04 0
b3 0 0.5 0 0.3 0

b4 0 0.6 0 0 0

cl 0 0 0.7 0 0

Validate Fake 5 c2 0.3 0 04 0 0
c3 0 0 0.8 0 0

d1 0 0 0 0.6 0.9

d2 0 0 0 0.7 0.8

Train True 6 d3 0 0 0 0.6 05
d4 0 0 0 0.4 0.7

d5 0 0 0 0.2 0.7

(a) Twitter Data Structured Results

Target newslD T_Topicl T_Topic2 T_Topic3 T_Topic4 T_Topic5
True 3 0.23 0 0 0.6 0

True 4 0 0.6 0 0.175 0 <
Fake 5 0.1 0 0.63 0 0

True 8 0 0 0 0.5 0.72

(b) Twitter Feature

(Figure 6) Example of A Fake News Detection Model Using Twitter Data

(Table 2) Virtual Prediction Results of A Fake News Detection Model Using Twitter Data

newsID T Topicl | T_Topic2 | T Topic3 | T Topic4 | T Topicd Target Prediction
3 0.23 0 0 0.6 0 True Fake
4 0 0.6 0 0.175 0 True Fake
5 0.1 0 0.63 0 0 Fake True
8 0 0 0 05 0.72 True Fake
13 0 0 0 0.2 0 True True
15 0.2 0 0 0.1 0 Fake Fake
20 0.2 0.7 0 0 0 True Fake
21 05 0.6 0 0 0 Fake Fake
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(Table 3) Virtual Prediction Results of A Fake News Detection Model Using News

and Twitter Data

newsID | N_Topicl 200 N_Topicd | T_Topicl 200 T Topico | Target | Prediction
3 0.8 - 0 0.23 0 True Fake
4 0.9 oo 0 0 0 True True
5 0 0 0.1 0 Fake Fake
8 0 - 0.8 0 0.72 True Fake
13 0.3 0 0 0 True True
15 0.2 0 0.2 0 Fake Fake
20 0 0 0.2 0 True True
21 0 0 05 0 Fake Fake
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ClusterlD  set Target  newslD Contents  Topicl Topic26
Train Fake 1 ["EXQl 240 800% £2 & BRI "% 0.035 0046

9 Train Fake 50 [|"EXQl HEot A od7t 4E JE2g E0{HD olrk | ZEE "9 0052 0024
Validate | True 66 |HZTo= B THE = A=A E2Z0/{ 0053 0047

. Train Fake 28 ['NSETET HA AL HE2 A Z4e 3l 0316 0269
Validate | True 53 |D8% TEE FEL 7|37 YR SYAHS 0031 0323
Train True 1N |EWISE 5ot 2Xe i 0.0m 0011
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Train Trye 77 |E=7E ES ZAS =] 0005 0003
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= Validate | Fake 4 |"SF2T 33|, 3|5 280 MQIAH7|E SF2H] 0w -0004
Validate | Fake 6 |EEE "-EZ:-% £¢ 25 H7 | % ot He K| 0015 0006
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Validate | Fake 24 [|'EmZEYE Fgle H =ts" EEETH 0035 0053
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(Table 4) Prediction Results of Fake News Detection Model Using News Data(Part)

newsID Title N_Topicl N_Topic26 | Target | Prediction
3| EeAE “EAQ, mER EHs 0026 | - 0.007 | Fake True
4 |57 33], 4EF 2¥o] AN A} QA 717 0021 | o 0.013 | Fake True
6 |TTE B8 53 o5 A7 0014 | - 0002 | Fake | True
12 | dE% AxF7E 219 AR 9 -0.002 | - 0.000 | Fake True
21 M AAERE ARV AFE AHAE @AY 0.008 | - 0.018 | Fake True
24 | "Foa=gle ke AvdA Bk 0035 | - 0.002 | Fake Fake
53 | u&F R A 7157 flv? 0.033 | - 0.020 | True Fake
M [“E3d GA o] v F=2 A 0.020 | - 0.020 | Fake True
66 |HAEVOR AABE 24T F dEA? 0030 | - 0072 | True Fake
B FAY, A AEA gAEH-AFASEY] oA | 0003 | o 0.005 | Fake True
76 2018 AT WA Aol AT 0017 | =+ | 0017 | True | Fake
100 |'H& e defarz dztg 94 ded 0021 | - 0028 | True | True
110 | 29X e EY g2 -0.001 | -+ | -0080 | True | True
113 | AA =A< Ak 0.001 | - 0.039 | True True
114 | 988 47 & & 0.000 | --- | -0005 | True True
126 | W BEdA o] Al 27 B4 0.005 | - 0.003 | True True
130 f;gag;}\m A SIS A A o019 | | 0267 | True | True
131 [‘AlR Z2F o]fm] T 0.024 | - 0.022 | True True
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(Table 5) Prediction Results of Fake News Detection Model Using Twitter Data(Part)

we}, A228 A Ak gl A4
I A4.23804 AEE 7

e Aol T 2 WA
7].24

2 10 o

=

E/(g
o E4E W
% A34E 2%,

~d ZA A E/Hoﬂ LN

o
L

Table 6> o3 2ske] 13- Loy
, <Table 4>$} <Table 5>l 4 &5
2 dZax 2D Y ) 208 B
Take’2 AHZ dFHS &9

=g gelskol

o

newsID T _Topicl T-Topic26 Target Prediction
3 0.00637 0.0047 Fake Fake
4 -0.014% 0.00541 Fake True
6 0.00102 -0.00443 Fake True
12 0.01140 0.00813 Fake True
21 0.02103 0.00218 Fake True
24 0.00115 0.00469 Fake True
53 0.00045 0.00332 True True
54 -0.00013 0.00090 Fake True
66 -0.00010 0.00196 True Fake
1) 0.00032 0.00188 Fake True
76 0.00205 0.00354 True Fake
100 0.00982 -0.00427 True Fake
110 -0.00134 0.00159 True True
113 0.00000 0.00422 True Fake
114 0.00000 0.00125 True True
126 0.00016 0.00272 True True
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(Table 6) Prediction Results of Fake News Detection Model Using News and
Twitter Data(Part)

newsID| N_topicl N_topicZ26 T _topicl T _topic26 Target | Prediction
3 0.026 0.007 0.006368421 0.005473684 Fake True
4 0.021 0.013 -0.01496296 0.005407407 Fake Fake
6 0.014 0.002 0.001016393 -0.00442623 | Fake Fake
12 -0.002 0 0.006397436 0.004551282 Fake True
21 0.008 0.018 -0.00345724 0.008967105 Fake Fake
24 0.035 0.002 0.002673469 -0.002244898 | Fake Fake
53 0.033 0.02 -0.00012821 0.000897436 True Fake
54 0.02 0.02 0.015761905 0.007095238 Fake Fake
66 0.05 0.072 -0.00067442 -0.000313953 | True True
1) 0.003 0.005 0.002047904 0.00354491 Fake Fake
76 0.017 0.017 0.003388571 -0.000857143 | True True
100 0.021 0.028 0.005064516 0.00333871 True True
110 -0.001 -0.08 -6.0606E-05 0.000848485 True True
113 0.001 0.039 0 0.00125 True True
114 0 -0.005 0.008646192 0.006066339 True True
126 0.005 0.003 -0.00317778 0.024266667 True True
130 0.019 0.267 -0.00046591 -0.001284091 | True True
131 0.024 0.022 0.01139777 0.0081263%4 True True
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