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Abstract

With the rapid development of the Internet, people are using social media as the main
platform for knowledge sharing and emotional communication. Therefore, the detection of
adverse drug reactions in social media will be an important way to pay attention to the current
situation of people taking drugs. At the same time, traditional machine learning is difficult
and weakly migrating when constructing features, and convolution neural networks (such as
CNN) have the disadvantages of low efficiency and space insensitivity when constructing
spatial information. Aiming at the above problems, this paper proposes a method based on
capsule network and long-short memory neural network to detect adverse drug reaction events
in social media based on general text processing features and biomedical proprietary features.
We use the data which is the 2017 Third Social Media Mining for Health (SMM4H) shared
task corpus. After the process of the corpus, marks the adverse drug reactions, and constructs
distributed word vector features, part-of-speech tags, character-level vector features, and in
every sentence, the drug name and the emotional word were input as the characteristics of the
model. It solves the problem of the lack of spatial relationship between features and the low
efficiency of the construction model in the classification process. The experimental results are
compared with the previous advanced results, the F1 value is increased by 4.2%, which
proves that the method is detecting the adverse drug reaction events of social media. Medium

is effective and has good performance.
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Fig.1 System flowchart
(1) HlRR
AL HET Scrapy P BAEENE RV &, RHE Third Social Media Mining for
Health (SMM4H) 3L 2 AT45 HH A A 1) Twitter HH ™ 1) ID -5 3047 3R UG 1
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Tablel Data storage format

Twitter PFi& W2 (FFAEZIA RN 1)
@ProfTimNoakes Tim pre diabetic and
insulin resistant. My endocologist has 1

prescribed Victoza injections.My appetite

seems to be suppressed.

(@bengoldacre 1 was asking because I
take warfarin and keep an eye on new 0
anticoags. B-MS Apixaban trials seem to

be a bit too good.

(2) HFHETRE
ZHR > TP E IRE S A BAE 55 K &, POS A7 B AR CSEHFAE,

[ I R A AR R P S B R DL R GRIE AN VB A R, S X charCNIN 4 F
LA BRILZAh, R BIAAE ST XS LA R RN Gp RAE ST, XS54 4 A
F IR SR 3R] A BR 0 2 S S g PR REA PP iy, R IX B R AR B AT il 5 AN 4%
R A RRFIE . RS BIRRFIE A R R A B RHEIZ M 2% (LSTMD 24T
TR, IR E B I FE M 2% 1 sh AR s I BOS AR B . Hrh RN IR A
R NRPHFIE, BRI R, RN RAZ AR AR A
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LSTM Layer

)
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Concatenate .

Embedding
r_l\ﬁ CNN & Max-pooling
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" |. H : =. .‘ :. .D Character
- (eeCCeee@®) Embeddin
- (@8 _0e00@) o
// //I I:)rug ;;;ftl‘ment ]
Word POS Tag feature feature
K2 A

Fig.2 Model diagram
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HOP T T, oo T 65 e B — A Twitter 48, I 45 3K ST 140
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(1) PHRANART

HAT, 75 HARTE 5 A BRI A] (7] 8 R s IR A A, 20l Ak G AR
7~J71% (one-hot representation) H173 A K7~ 7772 (Distributed Representation,
Embedding) o 88— GO ia] [ 7 VA s 4E AR, (H R AFAE R ]
T N T BRLR] 2 JR) SR AT T Ok R AR ) o AT N 5 i Rl I 20
AKGVE A A B I B [ T A RE B R, AR R X ] ) P R — 1]
) B2 A), 38 R TRV R 2 ) b ) g I AR BLRE & 3 o

RS -EIetE

queen | 099002]095| 06 | 05

woman 0.02(001]1099| 05 | 04

man 005(099001| 0.7 | 0.6

B3 oA 2] [ B i) R 5 vk
Fig.3 Distributed word vector representation
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R NRIRFIEZ —, 5 HARARF AL BEAT A3 R P %
(4) R FNIERIF
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fucking poison” , FATAT LMRIGHEME 2, Kz HH -~ — @9 = B4
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(155 —ANRFALE



ST AR Z3A B BASH
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ip = o (Wix;+ Uh—q + Vici—1) (5)

fo = o (Wgx, + Uth—q + Vicoq) (6)

0, = 0 (Wyx, + Ushq + V,cmq) (7

¢ =fi* cq+ iy ¥ tanh(Wx, + Uch—y) (8)
h; = o, * tanh (c) (9

Her, i AREREANTT, (ARRBETT], oREHHTT, hARERETEIRE
M, REICIZHTT, xJTUHII %]t IHIN, o & logistic JH K%L, W. U,
V R BERRE, HAVi. Ve V@t iR
(2) BREMLE

BEXT TAE IR BE ¥ 2] CNN HAAAE IR B 5 R RRAIE 22 1] 1) 25 TR A6 B 0% 2R AT A5
RORAKM AR, Hinton 7E 2017 S5 IR ZEM 2% . IR FEMI 28 144 U R A — &
IR B, F— N RERR—FLR S SN IRHE, e — 1M RE, HiE
FERBZ PRI . SR IRATEH 7 10 MR, BAIRIERIYEE
WHEA 16, FFHIM HIEARIREORE R 3.

A
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nAEnEl (10) Frw.
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T ANBCHEST 1 3N X BT A TR 1 (R SR RS 38, 3 — A5 1) e 2
BEIERAEB BRI AFRY . AR AD FiR.
S; = ZCij lAl_/\i
i (11)
5 CNN H ReLU B R ECAN R, B3 W 26 0 F (1) 2 55 s iR 2L Squash, 1EH
A RG] 0 B KR 1 20, A (12) FiR.

sl s
s, s (12)
9T A BRI 2 b2 IR R Hinton 51 NZhZ5ES i HLL, S4B

WK 4 Biw.

Procedure Rounting algorithm

1:Procedure ROUNTING(u i, 7,/)

2: for all capsule i inlayer [ andcapsulejin Iayer(l+l):b[j<—0

3 for 7 iterations do

4: forall capsule i inlayer /:c, < soft max(, )A

5: forall capsule j in layer (15D s <—Z

6 forall capsule [ inlayer (/+1:v, <—squash(sJ

7 for all capsulei inlayer / and capsule j in Iayer(l+1) b <—b +u]\,
return Vv,

K4  HERERE
Figd Algorithm flowchart

HAPAERT AL RIS, b FIPIIRE I E N 0. ¢, 5 b FIRARWMAI (13) s,

_exp(by)
Y explb) Y
(3) DEEE
RN R (O Wi IEERE w A2, AR 14 s
Y =WC (14)

NG IT softmax JUE BREGHAT 7095, BB FIBERAEAE N 2Kk
maR (15-16) Frx.

(15)
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output = arg max f, (16)

1

4 TRERSHI

BEXRTASCIR MR ATTE, A SCHAT 7 A SE86: SRAe— 2 DIFLER 2 2T I 5C
FEI EAL SVM FIEGLIR B ST 1) CNN 55 BA N T self-attention LI (1552
DNFEER, MNTT U8 AR SR R (10 5 1) R AR 3R 7 PR S X 2 A T LA R ) AT
2PN RN RSN s 288 R R B A AR R B NRFIE AR A R Y, 2
F—AHT

4.1 SEEE RN HEFR

AL TE N S VAN RN (A AR 55, & B PRI & AL E R R DL 7038
55, PRI TiZ /G EReIRA T DUHHER S (P) « HEIE (R) WASHHAT
PP, T FL BRI HER R A BRI ERE P SR bR, ASCIRIEFH FLERAS
Boorth. HatEaXma (17-19) Fios.

P= P (27)
TP + FP

R= i (18)
TP+ FN

F1= 2R (19)
P+R

Horb TP KoK 230 A KON IR 0 2RI A) T, FN R &7 29100 R
AT A RIRBL AT, FP RSB A S A A R A) TR o 254 R
SRLIE) T, TN R IR TRNAN & 250 AN R SONL R )5

4.2 3P R R BIR BI25
A YR 92 56 R AE R4 E 2017 4F f) Third Social Media Mining for Health
(SMMA4H) 3L ZAF PR B 42, 7E 2016 SEMIFL AR S5 3EAE B T IIZR4E
H 2 i T H AR LR 2 Twitter [ ID 510 HAZE 2 REMIMEIL G, T 1—FLMEHEL
135 14881 2% Twitter Wi 7o TEMUSEICZ AT, B JoXd AR SIS AR AR HEAT T 9
HHEES, R 2 .
*2 HUR&ES

Table2 data set statistics

it UEES IAEEE Ml

Twitter PF18 %L 10000 2500 2381
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N T BAES SR TV R, AT T A EesEEG, I sk 45
R TN SZI0 g5 R AT 5 oA, RBF 7 AR SCSLIeas R nr th ik, Fseibss R
= 3 s

®3OSEHRAIRXSH

Table3 Comparison of experimental results

Method F{E (ADR)
SVM 42.32
CNN 43.26
CNN+attention 44.29
LSTM+multi-head attention 46.16
Modell!4] 43.50
Our model 47.75

I EE SRS, AT DA B AR SCHR H I 25 T T B X 2% R 24 M0 AN RSB 73 S A AH
LU T HLAR 27 21 B0 AR SR 5 2] FE A B T o 25tk Re, RN 2ELE 2017
£ [f) Third Social Media Mining for Health (SMM4H) 3t AF 55 b F I 1F) 43 25 45
4.2 NHES A (R 3 R Modell'1301) o [RIAB RA M 48 X 2% 750 2 [R5 B 3
AT AR Y, I B R IS S ], T 2 Y () R R A
s RN X 28 AT AT 0 23 (AL B ANBUR, DRI TS0 A F iR B A B B,
T S B EEAE LA R g i o 1T R 5 X 2% v DA 22 e ) 2 SR AR B A% S IR P2 b 22 T
&P T R R BhAS B B DA R B AR I 2% v i KT AG 1R 7 9 B R
R A FE I 28 R B AT T FLAth e 222 ) 24 B ) B 25 5 4R BRI 2 1] ) 2 T 7 2 5%
R, P H AT DUHE S R AR, [N G A R R 1

4.3 LIWWEERSR

AR SC TR o P 015 SRR AE A R . AT R, POS BRI 2544 AT
W IR L R, 926 — DVE A AR R T TR RS . R TE R 526 ki i
SCEGREAE ARV FI AN, FRATTS T 3 LR AE A R (R LU, 43 530 R R
ONFURE o, 285 S0 b H A LS RIS 00 4% 45 1) ) S0 445 SR LA I 2% 4 Tz o

,10,
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Table4 Feature validity comparison

Feature F1H
Word embedding 45.14
CharCNN 44.57
Word embedding+CharCNN 45.83
Word embedding+Sentiment+Drug 46.48
CharCNN+Sentiment+Drug 46.74
Word embedding+CharCNN+Sentiment+Drug 47.29
ALL 47.75

AW, — 5T, XEREAE S AR . SRR AR A AN A 2 A ] R ek
CharCNN B 23 RRUR IEANETF, R1T 4 5 HARRHE Q1 POS HRFAE . 2540044 LA B A ki)
BHATRHIERL G 2 J5, 7T CUE BIRCRZE L R — M /NMRE T REEEAF . 59— 5T, J8
A SEEG AT LAE A 2340 2 iA] [m) SRR AEZE L 5L CharCNN 25 534, TR K]
el R EAEZMEEE, XRFFEFHER RSN H2Y
CharCNN FIZ§#) 4 « 5 IR B AT HRFAE il A o) 22 LU O] ) B N 2540 44« 155 JBR] RO R AE
RE ROR L, IREZEMN—AEFREAYA R R MA IS, CharCNN AJ LA
Twitter U SR 46 S FIE IR BES, 0 B 29904 1 8 ) 7 Hp 7 THD (6 175 Jam] TR
AT PUABAR G R, T3] ) & R AR SR A 6 & (I 6, DRIk 155 Jedi]
TEPEREIFEA KM E . B2, IR EIR, IR ERHE AT Bt 2 5 7T
DI AR RETE AT, X 2GHAS R SE R ) B8 7

PR o S R R AR RS AE 28 3 K SR I e AZ A e X 4, AR i 8 et o B X 4% 1
softmax WU BB ZJVA R R BA)FiEAT 5338 BIHN mE TR XL SRS 2
PRI A2 AR RUAEAE A 2, & IR TR 4% R 18 = S ia i PR . T &
BEOOT L S IF B A SR H T BRI R s B B B AL ) B B 4% A B T R
REANFFEZ A2 0 DG R, Rk A] DA R 32 S 290 R RBL 7325 .

5 FitERE

AL E AL TR R, IR B A A I A A 5 A 29 A R OBL ) )
To T ZESAS BT ICANRIES, N 2014 SF£IHR, KT IUANFRIESH
HTARZTE, WSCRFIAENL. AR DU 2 L a2 IR, BIRG AR 2 K
2%\ P IR 28 S AR UEIR L 27 IR, ) RIEREHGE AN, . (BN ST AE

,11,
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AR T RE A DASR BRI 55 (138 N 5 A% G4 28 W 28 A7 A8 23 R4 EVRFAEAS B 3 DA &
SRR BRIk 0, BT X S I e i, AR BT A I L AZ M 28 TR
T WA 2% ) 250 A R SR SRS, Sd sl B A o 1 U B A B S R R
CharCNN. TAIPERFE S 259044 LRI ORI RAAE EAT Rp AR i, A A ) DABEAT
SENHER IR 2 o

ZREPTIR, DA ATBEAARAE AR, 256 SO ) FAE 55 M RF IR s AR 2 1 2%
(RIBEFE, AT MR R 294 R S N As I, 306 et N SRR (i REZKT A 3 2K
HRMEL. KEEREREW, (HRETHAZ M LIA RS AIRN F1
{E 3 LEAI, X5 P ARG 7 A 208 1 A 1 3 LR Bt 2 1) IR A AT 1
ARKKER, TP AW T AL T U] At Rk FH P ik b4 LK Bt 2 1 47
P48 i L, ey ) AR SRR R R g 2R Gt o ST RFAE R RE 155

,12,
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