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Abstract

Fake news has recently emerged as a serious social problem, prompting attempts to establish legal definitions and regulations for
fake news. While human detection of fake news is sometimes performed manually, the recent advancement of artificial intelligence
(Al) has led to the development of Al-based detection techniques. Domestic fake news detection technology has lagged behind
internationally due to the difficulty of establishing a Korean-language dataset. In this study, the Korean-based KPF-BERT model
was used to detect fake news types. The analysis of clickbait, advertorial, and sensational news focused on reflecting the changing
internet-centric information consumption environment and identifying articles with a high perceived trustworthiness and potential for
misinformation among online news consumers. These types of articles can be detected using automated algorithms based on
relatively clear linguistic and formal patterns. Therefore, given their technological accessibility and potential societal impact, they
deserve priority attention. Therefore, this study aims to propose effective countermeasures against some of the major types of fake
news by building a detection model for clickbait, advertorial, and sensational articles.
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1. M 2 SolHoh thah whe] =3 Holth ek FWo|E g4
R 44, 71w A5 wdsks Aol FHE 2y
AT tAE ERES AvYo] FEF S AH gtk o)L ST AR AL Al 89S frEd] §)
F5 Aol 2 WslE APAKoH, oo ma} 7Ry sl Azl A AFEE A, AHEAE Lol
(Fake News)7} A1 2F& AF3| 4] A 2 i F5H 2 SlTh Olfﬂ 7 WEE FE B }71 oo, g A 27EA
& A2 20169 vl thE® A 717 SR U TR gh2018)2 2218l i SN AT AR AAEHE §
Bed, A dololA(deepfake) 71€ 71WHe] 727t HE dis) A 63,4-;— A}ﬂa} AR AR, A2 A
FL AR BB JdEYl 719e] SNSE B B B B, B 0H AAH AE 52 Ed TnE nE
AR W3- dom A A=Al FAldl oAl HY WA w2, ‘ﬂwg 2, Wl 2, cdg A AR
oh. wEbx FarAbe ek HEA AL F HAL 5o BFel ETJ} AAE v APl Auk AR
ole] W A0 WA o9} qi&o) ARHY O ASL EW TR glo] I oA BR8] grrs
wl 7b 2 S Aol AAskA e AT A AR AR A48t ok
g RIFAT Zles 83 gAVIHEC] Tds vt B oA 18 1o)A 9} 2+ TR A0 G )
. AAE & 5 YA, FYuolE BX RN ALEE
ATAT 71 7P A7 HolHE S5 i g 8e BT e e cﬂom ool F3A4 T,
A 7 RS wEgith S99 A9, JFA BAE ARH WS 4R A3A F2 dolHE gHate WA
ofvl Arshe 7l BdEe] wol TR Bourgonje A, BV, A5 22 BRI ol AHY AFE
et al. = 7IAF Al &3 22 o] e T FYHCIE o AR 4v] $79 WEE wdsty 01E1»1 T2 A
(Clickbait, A 71Ah) ©AE T4, <F 89.6% 4 o AZF ANFEe} AR 2019 75 L /AES B
e BASANPL o) 8 g=told] HEarlde ol Astol A ARE AFe] SIFtolTh o] Al # 3L 53]
s gE s ek 2t e sk g Wl 29 dol gAY Fa 370A 29F %, A g fus B
FHE SR Il 7kl FHshE Aol A “‘.ﬂi Ao AREE A97F Bob o Addd 34 9
FEHo F5 @AV slol Fl el TR A ©A Vs & 7PsAo) Aty Btk EdL olE £32 AEstE

News or Information Perceived as "Fake News" (Unit: %)

O Is fake news

False information using a news format 889
Tabloid Information 86.1
Misinformation from the Press 847
Clickbait News with sensational headlines 837
Advertorial News 80.6
Biased News 79.0
Information presented in comments 775

a2l 1, SRS O|C|o{AHTME R2afel MEXAF (20181 3& 26~272, n=1,060)
Fig. 1. Online survey by the Korea Press Foundation Media Research Center (March 26-27,
2018, n=1,060)
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Table 1. Description of data types and limitations of existing studies and the proposed model
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Model / Technique

Techniques

Researcher (Year) Used Data Type Key Features / Contributions Limitations
Large amounts of Introduced bidirectional language The model size is large, so it
Devlin et al. (2018) BERT unlabeled plain model for better context requires a lot of computation and
text data understanding time for training and inference
Machine Learning Text analysis utilizing sentiment
Classification Model analysis and syntactic features is Insufficient context understanding;
Joung (2019) Using Content-Based | Article body text |possible for detecting fake news, and one-directional processing limits
Feature Extraction detection is possible using only text semantic analysis

without any auxiliary data

Yoon et al. (2021)

Title + Article

News headlines |Proposed a classification model using| Limited use of pretrained language

Al-Zahrani (2025)

combining LSTM and

input-based model and full text both headline and body models
Kumari & Singh Multimodal deep . . Additional computational resources
. text, image Analyze text and images together . ) .
(2024) learning framework are required for image analysis
. High prgdlctlon accuracy by_ The model is complex, so the
. Ensemble technique understanding contextual meaning - . : .
Beseiso & training time is long, and the internal

Article body text

through LSTM and extracting

mechanism is difficult to interpret due

input-based model

CNN important patternCsNEom text through to the nature of the ensemble model
Instead of judging news articles as
"real" or "fake," it's possible to
KPF-BERT, . classify news by type (clickbait, . .
Proposed model Title + Article News headlines advertorial, sensational). Each of the Problems with securing datasets

and full text

three types is comprised of a binary
classification model, making it easy

when adding new type models

to add new types
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Table 2. Comparative evaluation results between KPF-BERT and existing BERT
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NSMC KLUE-NLI KLUE-STS KorQuAD v1
Category Movie Review Sentiment Natural Language Sentence Semantic Machine Reading
Analysis Inference Similarity Comprehension
Evaluation Metric Accuracy Accuracy Pearson Correlation Accuracy / F1
KPF BERT 91.29% 87.67% 92.95% 94.95%
KorBERT(ETRI) 90.46% 80.56% 89.52% 82.00%
KoBERT(SKT) 89.92% 79.53% 86.17% 71.36%
BERT base multilingual 87.33% 73.30% 85.66% 90.02%
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Input AWS(EC2)
Article Data Docker Containers ( Detection Model Output
(Web Browser) > Django o Clickbait Model

URL P > ; Viewer of result
Chrome Extension cont. Advertorial Model

Sensational Model

Request for analysis

Send detection results to the Chrome Extension to show them on the screen

T2 2. TrL BX| A|28I9] HolH &
Fig. 2. Data Flow in Fake News Detection System
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Table 3. Definitions of Clickbait, Advertorial, Sensational Model

Model Definition Dataset Source
Clickbait Model | Determines whether there is a discrepancy between the headline and the body content Provided by AlHub

Advertorial Model Detects advertorial and commercially motivated articles Extracted from review decisions
of the Internet Newspaper

Sensational Model | Detects sensational elements such as provocative, violent, or discriminatory expressions Ethics Committee (PDF)
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Table 4. Learning environment and hyperparameters
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Item Clickbait Model [ Advertorial Model and Sensational Model
Pretrained Model KPF-BERT
Tokenizer Dedicated KPF-BERT Tokenizer
Epoch 3
Batch Size 16
Learning Rate 1e-5 [ 2e-5
Optimizer AdamwW
Loss Function CrossEntropyLoss
Maximum Input Length 512

Evaluation Metrics

Accuracy, F1 Score

Model Saving Criterion

Save model with highest validation F1 score [

Save model after final epoch

Framework PyTorch, Hugging Face Transformers
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&, A=, "HAE doJHAl 7+ dlolH ZFE-o]4 HolH E 7. A=Y 7|AL ER| RE| HIAEM J|E M ot
%6} = ° AAE Ao BA= AT A Sgpr) L o Xg Table 7. Performance Evaluation of the Sensational Model Based on
) : the Test Set
YEE F 2oa 3R] Wastel mdo] 4/ HuL
soast 70 - _63 - =1 Category Precision Recall F1-score | Support
St Ao 2 dS3th & 82 Al M £+ AR EA Sensational 100% 99% 99% 538
2do] gH2AEA 7|F& A5 g7t Aot Normal 99% 100% 99% 564
Accuracy - - 99% 1,102
macro Average 99% 99% 99% 1,102
FALY 7IAL EIR| 2o HAEM J|E ds Tt weighted Average | 99% 99% 99% 1,102
Table 5. Performance Evaluation of the Clickbait Model Based on the
Test Set
E 8 AN, B4, XSY 7IA ERI2Y HAEM |1E HS I}
Category Precision | Recall | F1-score | Support Table 8. Performance Evaluation of the Clickbait, Advertorial,
Clickbait 68.88% | 88.44% | 88.66% | 37,006 Sensational Model Based on the Test Set
Non-clickbait 88.28% | 88.74% | 88.51% 36,338
Accuracy R R 88.59% 73,344 model accuracy F1-score
macro Average | 88.58% | 88.59% | 88.58% | 73,344 Clickbait 89.1% 88.6%
weighted Average | 88.59% | 88.59% | 88.59% | 73,344 Advertorial 99.0% 99.0%
Sensational 99.0% 99.0%
6. 1Y J|AL B 2| HIAEM J|E M Bt
Table 6. Performance Evaluation of the Advertorial Model Based on )
the Test Set V. 3§ g% =233, Django 7|8 My
— __rLA-I al 7 |.
Category Precision Recall F1-score | Support s x &4
Advertorial 99% 100% 99% 677
Normal 100% 99% 99% 571 A2ge a2 31 Zg 9 Django 714k A WA
Accuracy - - 99% 1,248
! XA :./d Blz] Td Al Q 719] ©
macro Average 99% 99% 99% 1248 3-8 AF 71 'A BAR AR, AR &
weighted Average 99% 99% 99% 1,248 Aol W} A2 SEElY A4S HoFErh O3 3& =

o RARMER

“QDPLE CIZIZR. . 0|20 BHEl 20 S| Che 902) '

a
Curzm PiCK wazy .

qER @ ol ey A

LR 210
o4 2ak: Al ol

WY 71N R 54.6%

LELELERIO
s wa: A
T 71 U 94.0%

WA TIAS S 54.6%

29 70| 22801 & 487

X2 N Y G
s w13

X3 N U8 94.0%

J8l 3 Z203 AE ZAat 5
Fig. 3. Program execution results screen
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