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Tab.1 The statistics of corpora
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Tab. 2 Experimental results comparison on

TwiMed corpus

VRS W/ % BEE/Y% Fi{E/%
BLSTML9] 61. 20 51. 49 56.01
KB-Embedding!®’ 59. 60 61. 44 60. 42
ATL 63. 68 63. 40 63. 54
MTL! 66.56 63. 80 64. 82
Seq2seqAttn-2] 67.13 65. 64 65. 67
TextRNNE2 69.58 68.52 68. 50
FastText2?] 71.06 70. 27 70. 47
ARSCTr 76. 14 75. 26 75.25
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Tab. 3 Experimental results comparison on

TwitterADR corpus

VRS WWR/ % BER/% Fi /%
ME-TFIDF23/D 33.00 70. 00 45. 00
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MT-Attenl! 72.88 70. 54 70. 69
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A SCTT 80. 19 71. 23 74.49
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Tab.4 The analysis of model performance on TwiMed corpus

Seq2seqAttnt?] TextRNNEZU FastText??] ARSCTT
L g Al F g Al F, e A F g A Fy
2% B/ E/Y% /% R/ HE/N% B/N% OB/ H/Y% B/ /W% E/%
JE G 5 TR 67.13  65.64  65.67  69.58  68.52  68.50  71.06  70.27  70.47  73.61  71.34  71.31
+xtHrillg 68.80  67.71 67.93  72.06  69.49  69.48  71.65  71.26  71.06 74,80  73.35  73.43
+ A 68.88  68.28  66.77  72.34  70.90  70.10  71.76  71.48  71.02  74.43  74.30  74.22
AT 69.38  68.56  68.07  73.10  72.78  71.69  72.41 72,32 72,01  76.14  75.26  75.25
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Tab.5 The analysis of model performance on TwitterADR corpus
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2/%  ®B/%  H/% B/ B/% H/Y% B/ /% E/% /W% B/% /%
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3 & i VAR AR A AL L WA T i — 25 D8 58 A0 91 45 %

AR SCBE X A R R SCAS T EA T 25 W) AN RSO 2R
PRSI AT: 55 I T80 0T #9050 ke [ T R — b
REAE A5 RN xS A3 B o == 45 2 A9 R ik A7 i
FIAZAT 55 5 R 1 = A TR L 4 S ol 1 405 H i
Fr N2 o A A P A BE 8 16 A (] LA ) A6 241
N GRad A2 i R Pk RE 4R Th. [ i A SCBI AR 55—
Foft 1E ) A 7 9 3 ik A U1 R s TP s n o e 3l i
T AR TR Y & MR L SE IR 45 R R 1% i fE
0 B i 5 VT ik A 5 0k L AD  AEAS [R] R B2 2 o
T B S 9 45 R R AR 3OO 1 A R A9
P JE AR /N U TR B v 4 T B A PR
TEAR A BT FE 1] LAER 38 X LI 82 07 3 18 1A
55 v AR T S 22 R A BE 8 AN [ 18 RE R rh SR

TEAE A B 1 M.

%% 30k
[1] PLUMPTON C O, ROBERTS D, PIRMOHAMED
M, et al. A systematic review of economic

testing  for

LJ1

evaluations of  pharmacogenetic

prevention of adverse drug reactions
Pharmacoeconomics, 2016, 34(8). 771-793.
ERAHEFRREENFC. BRXRGHTRRNE
W E R % (2019 £) [R/OL]. (2020-04-10)
[2020-05-05]. http://www. cdr-adr. org. cn/tzgg _

home/202004/t20200410_47300. html.

(2]

China.
Annual Report of National for ADR Monitoring,

National Center for ADR Monitoring,



%5

HOR%E: ETHEGNWHREERGN T RN EHRN T & 553

[3]

[4]

(5]

[6]

[7]

(8]

(9]

[10]

[11]

China (2019) [R/OLJ. (2020-04-10) [ 2020-05-
05]. http://www. cdr-adr. org. cn/tzgg _ home/
202004/t20200410_47300. html. (in Chinese)
HAZELL L. SHAKIR S A W. Under-reporting of
adverse drug reactions: A systematic review [ ] ].
Drug Safety, 2006, 29(5): 385-396.
SINNENBERG L, BUTTENHEIM A M,
PADREZ K, et al. Twitter as a tool for health

systematic review [ ]J]. American
Journal of Public Health, 2017, 107(1): el-e8.

STANOVSKY G, GRUHL D, MENDES P N.

research: A

Recognizing mentions of adverse drug reaction in

social media using knowledge-infused recurrent

models [C] // 15th Conference of the European
Chapter of the Association for Computational
Linguistics, EACL 2017 - Proceedings of Conference.
Valencia: Association for Computational
Linguistics, 2017 142-151.

LEE K, QAQIR A, HASAN S A, et al. Adverse

drug event detection in tweets with semi-supervised

convolutional neural networks [C] // 26th
International World Wide Web Conference, WWW
2017. Perth: International World Wide Web

Conferences Steering Committee, 2017: 705-714.
LI Zhiheng. YANG Zhihao. LUO Ling. et al.
Exploiting adversarial transfer learning for adverse
drug reaction detection from texts [J]. Journal of
Biomedical Informatics, 2020, 106: 103431.
CHOWDHURY S, ZHANG Chenwei, YU P S,
Multi-task pharmacovigilance mining from social
media posts [C] // The Web Conference 2018 -
Proceedings of the World Wide Web Conference,
WWW 2018.
Machinery, Inc. ., 2018. 117-126.

GUPTA S, GUPTA M, VARMA V, etal. Multi-

Lyon: Association for Computing

task learning for extraction of adverse drug reaction

mentions from tweets [C] // Advances in
Information Retrieval - 40th European Conference on
IR Research, ECIR 2018, Proceedings.
Springer Verlag, 2018. 59-71.

KUHN M, LETUNIC I, JENSEN L J, et al. The
SIDER database of drugs and side effects [ ] .

2016, 44 (D1): D1075-

Grenoble:

Nucleic Acids Research,
D1079.
NIKFARJAM A, SARKER A, O' CONNOR K,

et al. Pharmacovigilance from social media: mining

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

adverse drug reaction mentions using sequence
labeling with word embedding cluster features [J].
Informatics

Journal of the American Medical

Association: JAMIA, 2015, 22(3): 671-681.

PENNINGTON J, SOCHER R, MANNING C D.
GloVe: Global vectors for word representation [C] //
EMNLP 2014 - 2014 Conference on Empirical
Methods in Natural Language Processing, Proceedings
Doha:

of the Association  for

2014: 1532-

Conference.
Computational Linguistics ( ACL),
1543.

WANG ZHU Wenwu.
Structural deep network embedding [C] // KDD
2016 -

Daixin, CUI Peng.,
Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and
Data Mining. San Francisco: Association for
Computing Machinery, 2016. 1225-1234.

SZEGEDY C, ZAREMBA W, SUTSKEVER I, eral.
Intriguing properties of neural networks [C] // 2nd
Conference on
Representations, ICLR

Banff:

International Learning

2014 - Conference Track
Proceedings. International Conference on
Learning Representations, ICLR, 2014.

MIYATO T, DAI A M. GOODFELLOW 1
Adversarial training methods for semi-supervised

[C] // 5th

on Learning Representations,

International

ICLR

text classification
Conference

2017 - Conference Track Proceedings. Toulon:

International Conference on

Representations, ICLR, 2017.

Learning

KIM Y. Convolutional neural networks for sentence
classification [C] // EMNLP 2014 - 2014

Conference on Empirical Methods in Natural
Language Processing, Proceedings of the Conference.
Doha:
(ACL), 2014. 1746-1751.

ALVARO N, MIYAO Y, COLLIER N. TwiMed:

Association for Computational Linguistics

Twitter and PubMed comparable corpus of drugs,
diseases, symptoms, and their relations [J]. JMIR
Public Health and Surveillance, 2017, 3(2) . e24.
SARKER A, GONZALEZ G. Portable automatic
text classification for adverse drug reaction detection
via multi-corpus training [J]. Journal of Biomedical
Informatics, 2015, §3: 196-207.

COCOS A, FIKS A G, MASINO A ]J. Deep

learning for pharmacovigilance: recurrent neural



554 k # B I kK ¥ ¥ # %60 %
network architectures for labeling adverse drug Bag of tricks for efficient text classification [C] //
reactions in Twitter posts [ J]. Journal of the 15th Conference of the European Chapter of the
American Medical Informatics Association, 2017, Association for Computational Linguistics, EACL
24(4) . 813-821. 2017 - Proceedings of Conference. Valencia:

[20] DU C, HUANG L. Text classification research Association for Computational Linguistics (ACL),
with attention-based recurrent neural networks [J]. 2017 427-431.

International Journal of Computers, Communications [23] HUYNH T, HE Yulan, WILLIS A, et al.
& Control (IJCCC), 2018, 13(1): 50-61. Adverse drug reaction classification with deep neural

[21] LI Fei» ZHANG Meishan, FU Guohong., et al. A networks [ C] // COLING 2016 - 26th International
Bi-LSTM-RNN model for relation classification Conference on Computational Linguistics,
using low-cost sequence features [ Z/OL]. [2020- Proceedings of COLING 2016: Technical Papers.
02-02]. https://arxiv. org/abs/1608. 07720v1. Osaka: Association for Computational Linguistics,

[22] JOULIN A, GRAVE E. BOJANOWSKI P. et al. ACL Anthology, 2016 877-886.

Detection method of adverse drug events
from social media based on graph embeddings

SHEN Chen, LIN Hongfei’

( School of Computer Science and Technology, Dalian University of Technology, Dalian 116024, China )

Abstract: Adverse drug event is a major cause of morbidity and mortality of hospitalized patients.
Since the traditional spontaneous self-reporting system is experiencing serious underreporting issues,
and the research on the use of social media, such as Twitter, as a data source for the detection of
adverse drug events has received increasing attention in recent years. Deep learning models usually
require many training samples. However, due to the characteristics of user-generated contents and
time-consuming data annotation process, related research is faced with the problems caused by small
scale annotation but highly noisy datasets, which restricts deep learning models to achieve good
results. Accordingly, two regularization methods are introduced at the representation level, which are
graph embedding-based data augment and adversarial training, to improve the performance of
detecting adverse drug events under such condition. The applicable scopes of these two methods are
analyzed and discussed through experiments. Combining with the convolutional neural network, an
adverse drug event detection scheme that can make full use of the two methods is proposed, and the

experimental results testify the feasibility.

Key words: social media; graph embeddings; adversarial training; adverse drug event detection; deep

learning



