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Abstract

The circulation of numerous health care rumors on the internet in recent years has become
extremely troublesome for medical and healthcare personnel. False rumors have misled patients,
created panic, and even resulted in medication misuse and delayed treatment. They may also
cause deteriorating doctor-patient relationships and tarnish the images of doctors and hospitals.
Developing new mechanisms to dispel and prevent rumors has thus become an imperative issue
in research. Although medical institutions promote accurate health education, limited labor and
resources limit their effectiveness. The rapid progress in artificial intelligence technology is
offering a new direction to solve this problem. This study employed BERT (Bidirectional
Encoder Representations from Transformers), a deep learning technique, to develop the new
generation alert system for health care rumors. First of all, we collected the materials of health
care rumors from 15 private organizations and government agencies, including the Ministry of
Health and Welfare. After data preprocessing was done, we used BERT combined with
Bidirectional Long Short-Term Memory (BiLSTM) to conduct a model training and validation.
Lastly, we deployed the BERT-BiLSTM model in Line chatbot so some LINE users can try it.
The experiment result showed that the proposed model can identify as high as 90% of the health
care rumors in social media. The research results will help to alleviate the burden relating to
healthcare promotion by health professionals and to meet the public’s needs to search for the
correct health information.
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GPU Nvidia(R) Tesla T4

RAM 13 GB

Programming Python 3.7.10

language

Libraries Tensor Flow 2.5.0 ~ Keras 2.4.3 ~ Numpy 1.19.5 ~ Pandas

1.1.5 ~ Openjdk-1.8 ~ cuda 10.1 ~ cudnn 7603 ~ scikit-learn
0.22.2 ~ torch 1.8.1+cul01 ~
IDE Google colab
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A% % 7 (Devlin et al. 2018) -
0 AP RFES P RIE TR B2 A5 % % % Bidirectional LSTM
(BILSTM) ¥ 3 BERT ™ 254 4 & » ¥4 BERT $.15 - f ey 1 1% 5~ £ 38

I

’



38 BENEEER F1+NEs F—H
3 . % 3 B+ BERT-BILSTM # 3] (& £ #ip M um ¥ £ 3
https://huggmgface co/transformers/model_doc/bert.html)> F %+ * 7 b S #cie (7
F 4 R IRF HVIREPRRESF > FIR P RE AL A 5 Fe(cost function) s3F £ T
aof R B aER L S E 90% M 0 A e Sl S BV RER A &
(4 88%-97%z2_ &) > B {4 £ T_hidden layers # P 3% %_5 2 Unitsize % % 512>
Epochs 3% Z_5 25-##8m = »BERT- BILSTM #-3] & 3 4_Accuracy (%) ~Precision~
Recall & F-score #2i% 7| 90% 14 F vk & 5 kgom H 43 o242 iRl 4 o
# 3 ! BERT-BILSTM #£3] 43k

Parameter names Setting

BERT vocabulary size (bert-base-chinese) | 21128

BERT output dimension 768

BERT hidden layers dropout 0.1

BERT hidden layers 12

LSTM unit size 32, 64, 128, 256, 512

BiLSTM unit size 32, 64, 128, 256, 512

Number of hidden layers 1,2,3,4,5

Number of epochs 20, 25

Learning rate le-5

Batch size 16

# 4 : BERT-BiLSTM 3] 2. %# % %
Accuracy (%) Precision Recall F-score

S I .
= |2 Number of hidden layers

1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4

32 25 96.50 96.77 96.50 | 94.07 0.97 0.97 0.97 0.95 0.98 0.98 0.98 0.97 0.98 0.98 0.98 0.96

64 25 95.42 96.50 95.96 | 90.57 0.96 0.97 0.97 0.92 0.97 0.98 0.98 0.97 0.97 0.98 0.97 0.94

128 25 95.42 95.15 96.50 | 94.07 0.97 0.95 0.97 0.94 0.97 0.98 0.98 0.98 0.97 0.97 0.98 0.96

256 25 96.23 94.34 96.23 93.80 0.97 0.97 0.97 0.95 0.98 0.96 0.98 0.97 0.97 0.96 0.97 0.96

512 25 96.23 97.04 95.96 88.41 0.97 0.97 0.96 0.88 0.98 0.99 0.99 0.99 0.97 0.98 0.97 0.93

FAE 3508 GRET (MR IS B AL SRS LB aF TR

BTG A7 7 & 4 2 BERT-BILSTM 23] chscae » & 5 vt ik BERT-
BILSTM #34] & &7 5 & § Lep #1245 % P32 Pheme 347 T4 & 1+ 0
¥ Pl % % - Pheme #_%5 jiF~ [I?Jc R * ehdv L3k o B (Asgharetal. 2019) 0 H p
F AT S Twitter i @ enig 3 fo2big s B & > ¢ 3 9B ER T EAp M g
ZToFrER F%"; Ry H B M4 & (T True » False & Unverified)f&ix - d 4 4 ¥

v
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HREHESWAZIAR

P BAT S5 £ LG S BEF LUFAF Y HATE T Pheme 34575

Ma et al. (2016)3#% !
# 1 LSTM-CNN
(F-score= 0.86) ° #p#>+37 5 # ¥ L RlZ » A8 %
i i # BERT %

7R B

B 0% L BB R RILR 7
tune) - F %% % %7 BERT-BILSTM #-%
*i 2§ “rik 2 fiRliz > F-score i 0.89 ~ Precision 0.85
4 etk %@1? PTae o 5 2 0 AR #7ié * o BERT- BiLSTM 7
Pk @Rt s poRES
PethEt A RGE kT Rl B T FEA R R R R

Blic 4 BB

'!H‘z\ﬂa’ rﬂll'b ﬂb )"?}

iy ERRER

# 5t BERT-BILSTM #7322 H ¥ 3%

BB tRiR] 0 Hl4e
RNN #z ipl/% (F-score=0.8) ~ Ajao, Bhowmik, & Zargari. (2018)
= ;% (F-score=0.83) ~ Asghar et al. (2019)#& ! BiLSTM-CNN ;2
e11 BERT-BILSTM $-3] &«
FlET P TR M e » (Contextuahzed
Word Embedding) » & 2t— 4% SEEIE # » (Word Embedding) » v & 3# 4%
ﬁ‘ﬂ"f w IZfE P T 2 B %0 BILSTM é] xpuﬂ‘f(,z% (Fine-
** Pheme 43 &P iTi%7 >
Recall 0.92 > &
FHE G Lt
2 2> * 11 Pheme 4 # 2

T

ki Xl B

- Z‘\‘Iﬂa@

Study Deep Learning Model Precision Recall F-score
Ma et al. (2016) RNN 0.81 0.81 0.80
Yuetal. (2017) 1-Layer CNN 0.80 0.80 0.78
Ajao et al. (2018) LSTM-CNN 0.83 0.84 0.83
Ma, Gao, & Wong.
GAN-GRU 0.78 0.78 0.78
(2019)
Asghar et al. (2019) BiLSTM-CNN 0.86 0.86 0.86
BERT-BIiLSTM 0.85 0.92 0.89

Dataset : PHEME rumor dataset (330 conversational threads) (Zubiaga et al., 2016)

I fﬁﬂv&ﬂ k7

#7134k 2 BERT- BiLSTM #3542 2§ & ek > 2 1 %

WAl F LA 8 U ig * 7 Line TP AR o Ao 4 AT 0 18 H —%?E
#2% Line #ij » 31 > ¢ R 548 BERT- BILSTM -3l AgZ ts > d k stig 700 4

fs 3t outputlayer(ﬁi“y B 2)# * Sigmoid S B 5 p it i3 » H pEv @iz
= # BERT- BiLSTM #-7) ”Lrﬂii] M2 H@P~F R ~mis2 28k
A0 3] 1 2 BF e dE S fc(logistic function) » (%2 EF AR & H| 2 % - 2 & F 5
Ead & iE o — 402 0.5 f’Fj% & & (cut off value) » ]__FAE\!:'UT Bz s 00 0t
PR S 10 AR 5 bl € # % & 5T & R (1) 27 £ 2 731(0) ) Jordan
1995; Nwankpa et al. 2018) » & #3Z% % w B3 & * —‘ﬁ o PR s 5717?% lliiffgz BERT-
BiLSTM 2_ 4 #f % % 12 % sigmoid S Bcrrih ik 2 8 % & A - «Lﬁ‘}_}i C IR
* —*‘Ff‘%"J%frm;u WMo APIRG F L& KE-sigmoid St B 2 SR E R R

—Fff’t‘?;,%jib SN N B RCWAR D S zﬁiﬁ»ﬁ%mhgénfh’mmi z_
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PR W4 RO YR LR LSRR

S0 RS ITRE ST ML B BHT BT L 79.86% 0 Tk T %
"% sigmoid S B SR T 2 WK EATE o T 0 AR K AL PR ;Z 5
M E FJERR A Z A R LS AMFERT AT R R 45 2
kT A W2 P e

2
I

< 99+ © rumor bot Q B =

Lt EESIUR T RS SRS R
-

ke s TR

mARE IR SFEN eSS

e

RIE R EY 55 IRES - A /9.86% 105
B -

=
alh =

FHE

W4: BEHPBELTLH
iz~

oS L LRERRP w00 (B FE/\Jziy RO AT £ H 37508 W cyn F o
AT AR M&;«% J:JS 5775 #0102 BERT-BILSTM 3 % #-2 7k
HT WP SRE 9 90%% FE S h LA ;gﬁ;,?gga;,,; ESRE L E
PR ERD ST Hp LD %“ 3 RN R YA R = L
Firm z’ﬂt;‘r[;k A it e T

TR B hT RIS B TP R © & d 2% Google BERT
32 E 2 ATHT B AT Y U $ 0  BERT i Ad# 2 HRLE o 7 E A RS
THFPBIRBIZITY 0 AT R R T LA L A T o e p BT T B
§7L~F§)§i Ful s k7 AR e

FRF R A ek R o & & i (health promotion) ™ & jp & 2 5f
B T R d B IR E & 2 N B AR BT L G BT A o
B g S sy ~ = st K18 1B g )(Sharma, 2016) - AFF 7 2 B 2 FRE
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FATR R T LROREBE L S g L BRI B3 R
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AEARERAES BEr R R TR REFT AF RN BETIUBE
AR Ea iﬂﬂaﬁg’“f Y HE N HT S TT R LS SRR 2 B
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B AP AL RPEEA SR R R REER 2
B0 90 T H - GRS AT R S AP e B 2367 £
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W B S HCAlHRRIPTA o % = 0 Google BERT % 5 v 2 $Eenv T L & 5 512 B
#(token) » #3TE R AR 512 BB S| F AP 2 AST > B AR R 7
TR SR U B f U B0 AT B 2 R T ORI R et
TR P RE PR FE AR T A HELRRIS RS PE

A R Hp PN B3 F 5 % A 4 (MOST 109-2410-H-008-006 -)
37 2R

AERTFECE (2002) 0T P FANTEFEHRRSGT 2L 0 A HHREA
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B AR FREEAL (2009) 0T PP %&ifﬁ%?ﬁfﬁxﬁm? BEy oA
Fo stk %248 F 558-566 °

Ajao, O., Bhowmik, D., & Zargari, S. (2018). Fake news identification on twitter with
hybrid cnn and rnn models. Proceedings of the 9th International Conference on
Social Media and Society, 226-230

Asghar, M. Z., Habib, A., Habib, A., Khan, A., Ali, R., & Khattak, A. (2019). Exploring
deep neural networks for rumor detection. Journal of Ambient Intelligence and
Humanized Computing, 12, 4315-4333.

Bastable, S. B. (2016). Essentials of patient education. Jones & Bartlett Publishers, MA.

Bondielli, A. & Marcelloni, F. (2019). A survey on fake news and rumour detection
techniques. Information Sciences, 497, 38-55.

Bordia, P. & DiFonzo, N. (2017). Psychological motivations in rumor spread. in Fine,
G.A., Heath, C. & Campion-Vincent, V. (Eds.), Rumor Mills: The Social Impact
of Rumor and Legend, Aldine Press, 87-101.

Cao, J., Guo, J., Li, X., Jin, Z., Guo, H., & L1, J. (2018). Automatic rumor detection on
microblogs: A survey. arXiv preprint arXiv:1807.03505.

S|

El “-’% 3



42 BEMEEER F_+NE F—H

Castillo, C., Mendoza, M., & Poblete, B. (2011). Information credibility on twitter.
Proceedings of the 20th international conference on World wide web, 675-684.

Devlin, J., Chang, M.W., Lee, K., & Toutanova, K. (2018). Bert: Pre-training of deep
bidirectional transformers for language understanding. arXiv preprint
arXiv:1810.04805.

DiFonzo, N. & Bordia, P. (2000). How top PR professionals handle hearsay: Corporate
rumors, their effects, and strategies to manage them. Public Relations Review,
26(2), 173-190.

DiFonzo, N., Robinson, N. M., Suls, J. M., & Rini, C. (2012). Rumors about cancer:
Content, sources, coping, transmission, and belief. Journal of health
communication, 17(9), 1099-1115.

Goh, D. H.L., Chua, A. Y., Shi, H., Wei, W., Wang, H., & Lim, E. P. (2017). An analysis
of rumor and counter-rumor messages in social media. Proceedings of 19th
International Conference on Asia-Pacifc Digital Libraries, 256-266.

Huilai, Z., Fang, L., & Junjie, Z. (2016). What makes people resend healthy food
messages online: the effects of message cues. Proceedings of 2016 13th
International Conference on Service Systems and Service Management (ICSSSM),
1-6.

Jawahar, G., Sagot, B., & Seddah, D. (2019). What does BERT learn about the structure
of language? ACL 2019-57th Annual Meeting of the Association for
Computational Linguistics.

Jordan, M. 1. (1995). Why the logistic function? A tutorial discussion on probabilities
and neural networks. (9503). MIT Computational Cognitive Science Report,
ftp://che.mit.edu/pub/jordan/uai.ps

Kwon, S., Cha, M., Jung, K., Chen, W., & Wang, Y. (2013). Prominent features of rumor
propagation in online social media. Proceeding of 2013 IEEE 13th International
Conference on Data Mining, 1103-1108.

Li, B. & Chong, A. (2019). What Influences the Dissemination of Online Rumor
Messages: Message Features and Topic-congruence. Proceedings of the 40th
International Conference on information systems.

Li, J. (2019). Detecting False Information in Medical and Healthcare Domains: A Text
Mining Approach. Proceeding of International Conference on Smart Health, 236-
246.

Li, L., Cai, G., & Chen, N. (2018). A Rumor Events Detection Method Based on Deep
Bidirectional GRU Neural Network. Proceeding of 2018 IEEE 3rd International
Conference on Image, Vision and Computing (ICIVC), 755-759.

Liang, J. & Yang, M. (2015). On spreading and controlling of online rumors in we-
media era. Asian Culture and History, 7(2), 42-46.



#BH BERT REEEBRURNBHES WA ZAR 43

Lo, W.L. & Chiu, M.H.P. (2015). A Content Analysis of Internet Health Rumors.
Journal of Educational Media & Library Sciences, 52(1), 1-24.

Ma, J., Gao, W., Mitra, P., Kwon, S., Jansen, B. J., Wong, K.F., & Cha, M. (2016).
Detecting rumors from microblogs with recurrent neural networks. Proceedings of
the 25th International Joint Conference on Artificial Intelligence (IJCAI 2016),
3818-3824.

Ma, J., Gao, W., & Wong, K.F. (2019). Detect Rumors on Twitter by Promoting
Information Campaigns with Generative Adversarial Learning. Proceedings of
The World Wide Web Conference 2019, 3049-3055.

Matthews, A. K., Sellergren, S. A., Manfredi, C., & Williams, M. (2002). Factors
influencing medical information seeking among African American cancer patients.
Journal of health communication, 7(3), 205-219.

Moein, S. (2014). Medical diagnosis using artificial neural networks. IGI Global.

Nguyen, T. N., Li, C., & Niederée, C. (2017). On early-stage debunking rumors on
twitter: Leveraging the wisdom of weak learners. Proceeding of International
Conference on Social Informatics,141-158.

Nutbeam, D. (2008). The evolving concept of health literacy. Social Science &
Medicine, 67(12), 2072-2078.

Nwankpa, C., [jomah, W., Gachagan, A., & Marshall, S. (2018). Activation functions:
Comparison of trends in practice and research for deep learning. arXiv preprint
arXiv:1811.03378.

Oh, H.J. & Lee, H. (2019). When Do People Verity and Share Health Rumors on Social
Media? The Effects of Message Importance, Health Anxiety, and Health Literacy.
Journal of health communication, 24(11), 837-847.

Paek, H.-J. & Hove, T. (2019). Effective strategies for responding to rumors about risks:
The case of radiation-contaminated food in South Korea. Public Relations Review,
45(3), 1-9.

Park, Y.-J., Bae, J. H., Shin, M. H., Hyun, S. H., Cho, Y. S., Choe, Y. S., Choi, J. Y.,
Lee, K.-H., Kim, B.-T., & Moon, S. H. (2019). Development of Predictive Models
in Patients with Epiphora Using Lacrimal Scintigraphy and Machine Learning.
Nuclear medicine and molecular imaging, 53(2), 125-135.

Pendleton, S. C. (1998). Rumor research revisited and expanded. Language &
Communication, 18(1), 69-86.

Sankar, H., Subramaniyaswamy, V., Vijayakumar, V., Arun Kumar, S., Logesh, R., &
Umamakeswari, A. (2019). Intelligent sentiment analysis approach using edge
computing-based deep learning technique. Software: Practice and Experience,
50(5), 645-657.

Sharma, M. (2016). Theoretical foundations of health education and health promotion.



44 BEMEEER F_tNE F—H

Jones & Bartlett Publishers.

Singh, J. P, Rana, N. P., & Dwivedi, Y. K. (2019). Rumour Veracity Estimation with
Deep Learning for Twitter. Proceeding of International Working Conference on
Transfer and Diffusion of IT, 351-363

Sjostrom, A. E., Hornsten, A., Hajdarevic, S., Emmoth, A., & Isaksson, U. (2019).
Primary Health Care Nurses’ Experiences of Consultations With Internet-
Informed Patients: Qualitative Study. JMIR Nursing, 2(1), e14194.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, L.,
& Polosukhin, 1. (2017). Attention is all you need. Proceeding of Advances in
neural information processing systems, 5998-6008.

Vosoughi, S., Roy, D., & Aral, S. (2018). The spread of true and false news online.
Science, 359(6380), 1146-1151.

Wang, Y., McKee, M., Torbica, A., & Stuckler, D. (2019). Systematic literature review
on the spread of health-related misinformation on social media. Social Science &
Medicine, 240, 112552.

Wolf, T., Debut, L., Sanh, V., Chaumond, J., Delangue, C., Moi, A., Cistac, P., Rault,
T., Louf, R., & Funtowicz, M. (2019). Transformers: State-of-the-art Natural
Language Processing. arXiv preprint arXiv:1910.03771.

Yang, F., Liu, Y., Yu, X., & Yang, M. (2012). Automatic detection of rumor on Sina
Weibo. Proceedings of the ACM SIGKDD Workshop on Mining Data Semantics,
1-7.

Yu, F., Liu, Q., Wu, S., Wang, L., & Tan, T. (2017). A convolutional approach for
misinformation identification. Proceeding of IJCAI, 3901-3907.

Zaccone, G. & Karim, M. R. (2018). Deep Learning with TensorFlow: Explore neural
networks and build intelligent systems with Python. Packt Publishing Ltd.

Zhao, Z., Resnick, P., & Mei, Q. (2015). Enquiring minds: Early detection of rumors in
social media from enquiry posts. Proceedings of the 24th International Conference
on World Wide Web, 1395-1405.

Zhou, Z., Q1, Y., Liu, Z., Yu, C., & Wei, Z. (2018). A C-GRU Neural Network for
Rumors Detection. Proceeding of 2018 5th IEEE International Conference on
Cloud Computing and Intelligence Systems (CCIS), 704-708.

Zubiaga, A., Liakata, M., Procter, R., Wong Sak Hoi, G., & Tolmie, P. (2016).
Analysing how people orient to and spread rumours in social media by looking at
conversational threads. PloS one, 11(3), e0150989.



