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Abstract

Social media is one of the important ways to detect adverse drug reactions (ADR). This
paper proposes a social media-based adverse drug reaction detection model DMFE to
capture patients’ feedback on drug use. Compared with traditional text detection, so-
cial media data often contains grammatical irregularities and word spelling errors. In
this paper, abstract semantic representation (AMR) of social media data is extracted,
abstract semantic features are learned by graph attention network (GAT) to improve
the model’s understanding of semantic information, and character level convolutional
neural network (charCNN) is used to capture character features to reduce the impact
of word spelling errors. In addition, this paper uses the method of prompt learning
to integrate key words in the field of MedDRA adverse drug reactions to further en-
hance the model’s understanding of domain knowledge. According to the experimental
evaluation, the F1 value of the DMFE model in this paper achieves the optimal effect
compared with the baseline model on the CADEC and TwiMed datasets.

Keywords: Social media , Adverse drug reaction , Text detection
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1 58

2N RN (Adverse Drug Reaction, EI#RADR) &R IEFEHI &Y H TR - 2
Wr ~ Va7 EOA T A ENLEERT I E - 5 2 B M IJC K X B (National Center for
ADR Monitoring, China, 2023) . XK NAETEAZ FME, 27 E S AR EIRE S R
R, ERSEEmMER - Bt MR & IR B R RO TR R 2 et 2 5
HZ(Marano et al., 2005) -

BEEH IR IRE L B, RER A EFEEETEETFE LA HCHABER, Hha
FEATT AR T AR ~ BIVER DLSORIT SR, A AC BAR T K & 2515 BoR TR A AR
EHW%WKEﬁE%ﬁﬂ%oEﬁﬁﬁ%*@%%%xE&Eﬁ%?%ﬁiﬁﬁ%@%f%

DRN:OEET=N

(1) FEMREEAES, A2 IR ERR TS0 2500, S EERE L2 R T
Ko Blan, EAFHAEE - EE - FEE, SERERAAERESRBhE, XFERE S KRS
R AT 3 i B AR b AR BT

(2) FEFMREEATRES, HAEREREE SEERIEHF SR - ERBEE IR+ 5%
W, I anRs “their” 3% 5 A “there”, A “meddizzy” R “medication” Fl “dizzy” & - 7 7MHATE
A IERE AR R, H P REANER R AR ES R, IR RAESE, Flan
¥ “affect” RN B IRTE “effect”, L HRE LT RGN AR A E 1E -

B) HMAXBEAXRFEEPXTAVARKN N REEBESEE KRB - 259 % KLU
KA B RRLAEIR &8 K 33 R F - F 7 7R fE R B R 25 W 10 B VR F IR AT RE & 4R B E
M “headache” ~ “nausea” ~ “insomnia” % J JHH 5% Y 8117, 40 “aspirin” ~ “antibiotic” <& 254 %
PRAE S EIR; 40 “skin allergy” ~ “rapid heartbeat” 55 AN R K FIEIRFE ¢ BAR] 3G 5 AR Y X 4
SR P ERARE B TR R AR B AR 4 SR AR TR 294N R R T B BE

BEX BRI, ASRH— A AP B N AU AR, SFRIE B L SR
For (AMR) BUREZY. TH [A) #1A BAR 2 AR EE 3R I 299 A R IR SRS (Adverse drug reaction
detection with multi-feature enhancement for social media, BFFDMFE) , A TAEUIR:

(1) AMedDRAKIE FE 47 7l b B2 I 58 B A% LUK 25 ) AN R SN At i) 8 o Reft
THEAEIRAE IR R FRER, IR RBNP A AR R 2> 8977 205 #1538 BRS04t 7] il
APromptHHR -

(2) HFHFFRANIHEFAHERLE (charCNN)  FHIE 38 BEAREE B FFF AR 1E - %
FEURH 228 D 28 AT AR K 1) B0 1] PR A MR AREALE 27 =) SIS ] B398 22 (1] BT REH LU AR M T g iR B ) - B 9 5 B
WA AR (5 B R p (Rl R, R (E R AN ] B B 0] 2 (B RERT S 2 X 43 -

(3) HATEAEBIRR DB EESEGEVENK, (850 F AR AR 1 SR 2y P g L)
HARANHEEH . AHEHEEE M (GAT) 2#>JHARENER (AMR) WERER, #
R AT E SUAE B PR -

2 MXRIAE

2.1 SUKRIS KM

BEERE SRR R, BETIRE 2SR R A B ORI S5 E BUSANEE AR - Chen
(2015) 32 H T B L B A Text CNNRRL, B CRFCNNR FHEISCAR 2K | o Zhang et al
(2015)%& HicharCNN, R a] FEBUL A FHFEANZ R HEHCNNIZERFHRER, FRUEER
A AR B RTIR S H G IRME BT SERENFRAES - BETAH— PR, M
WGBS N B BRE S EES T, Sun et al. (2019)8F50 T Bert £ 3R> FAE55 L
PIARFEROA TS, B ORTICE « B RS BRI R R @, £ RS
15T IRBIE RS -

2.2 ZYA R KRR
ZIIAS B RO RG I AF: 55 T BRI 50 AR 48 v 7 056 FH AU DE IE DA S AL 88 2 ) i T VE AR BE 27
SCERFDIE PR S TR (Benton et al., 2011; Kuhn et al., 2010; Yates and Goharian, 2013;

©2024 FEVHEIEFTEAE
RIE (Creative Commons Attribution 4.0 International License) ¥FA] HAR
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Patki et al., 2014) . REENTE—EBRE FBUIG T AR, X877 4™ B AR T AU 40
HES T TRESRIE, TERERWAEYEZSHA GRG0 TIEH REI A .
PR, WREESIHW Z A TAYA RN, Huynh et al. (2016)3H T BIFRET I EA
FEZ P LEETAICRNN « CNNAH T2 R N BRI - Zhang et al. (2021)#& H T ANNSAK
T2 A8 BOE R IHLHEIFINTH1 5 > BRI o Alimova and Solovyev (2018)%2 Hi A2 HiEE M
L& (TAN) WA PSRRI ZYIAS B R - Wu et al. (2018)1RH T —FiZ& -k HER N5 ZH#
MEARRMTTEE - Qiu et al. (2023)3& H T @A SIS AKESD TR, @i ZMER4TI %N
WX YA R IR PG 8, B % R 2 EEE A RE AT HIETES 8 2 & R K M
B o HENRE AT BE% 2 1 50 AR AN H0 B4 R ] 0 SR P Atel 5% B 1] 1) 7 =3 e i 2
Nﬁﬁﬁﬁ%ﬁ%%ﬁ,KI%&DWE@%%%@@%%ﬁﬁ%&MLM@,%%%%KE
J R ARG BE

3 BRI

FEEER AR P RIZS YA R S RESS S A, AR H FDMFERZLEM & 1 5T7R
B (1) WABdE: SRR AR, — R TR A AR, 7
— 05 & MMedDRATRAL #R Y5 /5 (7] 4 A R B A 2590 AN R S S ATUOC B TR - (2) ZHFAE
RHUZ: 2B EFEET Prompt FIAUH(E B 51 A EERL & 520, (£ charCNNIEAT A F4F
RIS BRME HHGATM AT HAMRIE LEERM .  (3) FLME/Z: FRILIRBUZIRI
B =MAFILEEFAEL TR S - (1) BERNE. FRle RS raedesEiz, ReE
15 Soft Max PR Ul Hi R 45
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3.1 IR RE YUATIR
3.1.1 MedDRA

MedDRAZ: FR 8 Wi & 1% o) [E 2% 17 88 (Medical Dictionary for Regulatory Activi-
ties) (Mozzicato, 2009), & MHMF TABHEET LB —FH T 2922 W5 WA Im KA EH
R RGL . MedDRAT Z AT YT AR E S, AU REBARENEPRIRE, B8
T DAREHTHR YGRS R BE AT REBE B &R REAFENEA - MedDRAW
MEZEARBTLE G IR GEIR - B -« 120 EROE - SREERLRMELERE, K
SCRMedDRA FANEE H i Wi SwAD h 276 120331 240 A RS AT, 5% B 1] F 3] B

3.1.2 R3]

$E7R2%>] (Prompt learning) (Liu et al., 2023)7] DUE T KB F B RIFEML, WA BRI 2E 5]
HRERET], AOCRAE SR EERAE YA B SON A 8 ARG R B AT B A, AR A B AR
JES %A EIRR 18R], TR LA B R 53R {5 53 S AR AL o Q5 tel k0 1R 2
& o AR EPromptiE A The key words:K;[SEP]Is there adverse drug reaction in the
following sentence?[SEP]S -

3.1.3 ZwiBE

K)UiﬁﬁBert(Devlin et al., 2018)4/15?‘9T‘iyﬁwiﬁﬁg@ﬁﬁ?é%ﬁﬁmiﬁf’romptZEE"]?ﬁﬁg
JZ o Bert&—FMFZE S HEE, HE FTransformerf)EncoderZ8 14, 18 13 2 KR AE R
FE LT iilgR, =3 T FEMESHRR, HIIATHIGRUARTE, RFERFEES LM
VAL DT B 4 3 A R A,

3.1.4 FHERRE

1833 Prompt @l &+ 38 BEAASE 5 A e A 7 E G B E R R, HRBKFFIE
BENRBIRHEERHE, A0 ALSTMIRZAE N a2 18] [a] & PR E R EES - LSTM B &AM
WEBANEER, RIEL T O ENEE, 7 LUE TR 3 K IR B R R, LSTME|IAT
BT BEIFE ST, WAUTESI S T REER S U REEEEHENCIC R TH; B
(TSI — LI B TR RIE B A 2 R EW RS, G 164 5l ik B A 2 KREE B
RTHREIANCICETT, S TR FAE R EIE, BERAK1)-5)Fixs -

it =0 (Wizy + Uhy—1 + Vici—1) (1)
fi=o (Wfﬂ?t +Urhi—1 + Vfct_l) (2)

op = o(Woxy + Ughy—1 + Voei—1) (3)

Ct = ft X Ct—1 + it X tanh (Wc$t + Uchtfl) (4)
hi = oy x tanh (¢;) (5)

WRERAT, AREBEBEET, oo CEBET, RARREBREST 5, oRFRICIZH
TC, xoe SRR ZRTRIN , o&logisticlEliE BREL, W, U, VM EREIE, EEF'Vi,Vf,V;XEﬂ:N
FAHRRE -

3.2 HHRIEE BRI
3.2.1 AMRMKRIELER

578 Y KR (abstract meaning representation, AMR)&A] FiE L —FFRR 1, AT
R R BAR BRI MR N — ARG R JETA R, HAsami R amia Ty A, SR 2z [\ K
RGN E R ARERE RN, R 20 R AT S 2 AR BB R A3 S (Wthe ~
BEE) |, AU AHamrlib® % 158 BEARE R AT TS SR B AR IE LR R - LLE2 R
%, ANAMRIEIAE S, BAEWHSIE LFERE, # HpenmanZEUE M GE LER L, H

Yhttps://github.com/bjascob/amrlib/
"https://pypi.org/project/Penman/1.3.0/
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R Sk

RIEAMRIE X AR S B2 AR ERORHF BN PRI ZRAE A, F word2vec? X AMRIE X
PR AT HABRARR, FEILECRHRA #2017 & R0R -
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! (h/have-03 i have i
ARGO(ii 1) : | m ;
‘ARG1(h2 | headache) N T
. ol jee—{  take (headache )
time(t [ take-01 P ' R A
I i ___¢__._G.RG1 i

ARG ii !
‘ARG1{m / medicine))) ! (_medicine )

Figure 2: # A ARG IE UFoR

3.2.2 ENFHEES]
FEEIIMY (GAT) ] ISR A AR AMRA &7 s B AOAE X1, IRIBAMR
HXEAR, ERABEFFMER LT H 2B ARANE, FILCGAT K &SR 4%
(GCN) EETESEMAZEEEE RWE RS B ERRREES o« BT 5Bt 72
WEBETR, HULY My FREETE AR S h R E AT RRE 7] AT INBCKR TR B R A 5 s
fEm &, HAIIRERAT BN E oy 72 B R &SR8 fih; BER T 90 8ei; 2238 SoftMax J5
BENM, h; € R i N SNBMARERN R, 4, BREBZMFIELEE, W c Rixd
Fla € R2dn FORT[HESIMSEL, || ForPHEERIE, WA (6)(7) i -

exp (€i5) (7)
EkeNiu{i} exp (€;k)

RGBT HIER T RECE B O SRR AN AR S AORHEAR E /Y, HBERFER AR B &

R & AR, HEL B A ERIRRZE R - AR, N; RonTmh, AT &S, U
FOREHERE, RelwfRBiERE, JRa DT mAFHERE] 0T ik BRI R -

a;j = SoftMax (e;5) =

hi = Relu ( Z aijhj) (8)

jeN;U{i}

0T it REGATH AMRIE LR EIRE ), ASCRBZ A TIER A A IMAT ()
Bz, K BRERAAEE, SMERIABERET AONH, 1O BRB MRS
S BRI R, W, € ROy SHURNE, SR FRTR BT AMRIE LT A M43
MBS X FTAE

b = W [ "] (9)

https://github.com/mmihaltz/word2vec-GoogleNews-vectors
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3.3 FHRERRN

AR L ) 5 AE 3 AR e 22 WA HP BT R A N FITE RO 1R R AR RO - i i 22 ST 4
8 B AR B T FF R R R T A IE BRLUR B R DA S 2 ) SR A SR AR A, AR R A S B A REAE
J5 & BRI HT ZRunFldisil 5 fE R P RIREE, 1 “their” B A F1 “there” BIAE AL, — & 3E
WAREH — MEPE A B —1 - Zhang et al. (2021)F2 HxF A A 238 £ FI NN 1T 45 55 2 B
TR, XFEARMER AR BROE 2 TR SRR R, REE )84 BIR N ERRE, 248 ST ff
FcharCNN(Zhang et al., 2015) B AR HH ST AR I 2 R AR 2RAI RIS B -

RS AT 5 A B R SF RF 0 R A Fone-hot 7R, HE4ETH T 691 F 47 15261 5
SFRE  10ME - 33 EMAFR, Y IR A2 ER R - B A
AR RS — KB, Eit £ L charCNNA B R ML T R R IR L, RG#4T
R EE TR AR R &, SRR NE4RTR -

Length

Social Media Data "
Feature
| Characterization

______::‘_‘:ﬁ |

— |
|
Convlution Pooling Fully Connected

Figure 4: A BEAREEE 7 A B FFIEFEHX

3.4 ZHEREMAE R
FFER & R T Prompt MR B 5 A A BUR R S R H, ~ RGN FFEH,,
~ PG BRI H B A TGS B ER A KR Heonear . WAF (10) PR -
Honcat = Concat (H,, Hy, H) (10)

3.5 failgh R
3.5.1 HiREE

T2 A BT 55 A7 A2 7™ B8 O RUE AN E B Rl AL, AR 451 2K bR 25K f Focal
Loss, HHHAE XK o8 BN T 0 RAER ORI R BCE L, 0 T FMEF AR AR K
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HEEE

(Ef RS MY TN T RN ARER R RPN E, BAa R mEan A=t
11) Firme

Ly =—(1—p:)"log(pt) (11
v >0 AAETIEF, py BT TIE S BESATSEREEERERE, p BB TN E T B
SEVRESAE 57 FE I -
3.5.2 HiIrNE

A 2 0 & Heonea 20T 21EHZ BT E W, GEIREHFEREY WA (12) AT
R, SRIGEIT Soft Max BRAGH T 9 RIR R AMREE N RER, WA (13) Fir-

~—

¢

Y = Wout Heoncat (12)
eYi
SoftMax (y;) = S €(0,1) (13)
4 LR
4.1 BHBEENA

N EPHEARSOEEIDMEFERITEBE . 72 B & BRI AT I B R - RSB
FIFTR, FER R 48

(1) CADEC(Karlml et al., 2015): E(#ik B TE10IzAskaPatient H A PR IME T,
AUTEREZY -« BIER  RERAER, B & B N TR N Yos, HAIRICHNo-

@TMMWWO%M 2017): HCE PR S H AL, SR B R ST I R E
& Twitter I TwiMed-Twitterfl & B 4 ¥ & 2% SC#k B TwiMed-PubMed - % /> 3L 14 # i &
R~ MBI~ A R E R RAER, = F R A B K R HOutcome-negative - Outcome-
positivefIReason-to-use - 2 J¢ R KA FOutcome-positivel| , FRit HYes, FH AP RN
55 ERINMCHANo, NEAYARRNER -

HiE®E ADR No-ADR Total Max_ length
CADEC 2478 4996 7474 46
TwiMed 426 1182 1608 241

Table 1: HATEAYA RS REGESE /M43

4.2 RS

S fF FHPytorchfE 28 | ZEUbuntu 4% T 3 47, 1 FIRTX3080:3F 17 Il 45, M {b &5 1
FIAdam . 780 EUE S _E #1730 epoch i)l 45, batchsizel® B 732, 2> FiX B N1x10-
5, Dropouti% B NELIASE10.1, BertPIFSHZ K/ INEZE NT684E, AAIFREIXE N128, il
KREESH LB N3 -

4.3 P IERR

AR A= M FEERE (P) - AER (R) - FUEREE TG . B
WW%%%%TE&fE%ﬁ%%ﬂ%]mﬁrmﬁm%TE&V%ﬂ%WWﬁTATEﬁ
R, FPERAEN RN EIRII & F AR, WA (14) - (16) Fis-

TP

- TP+ FP (14)
TP

_ ] 1

TP+ FN (15)
2PR

Fl1= 16

P+R (16)

ZEEPET IS RS, %515ﬁ 9@525F K, E, 20244E7H25H%E28H .
Z—MQI
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4.4 DMFESZELEBI H LR

KIEBIDMFES 7B SRR T3 LS5 47, CADECS TwiMed# 8 5 - f9%F 58
BEERNMFR, EEEBANEWT.

(1)CRNN(Huynh et al., 2016): —M{EIAEAMSEMEBE, HT IR RES, ZEE
FERESINEIEIM AN b o

(2) HTR+MSA(Wu et al., 2018): M BH 3 ZENZ kL BIEENIILHEIEN, FHBRE
IR RIS W ERHE, FEH T2 R -

(3) CNN+-corpus(Li et al., 2020): Z 7V EZEET 1 EIR LRI ERR 1N T ADEEL
W, SEEHIGERAY 7S, R HECNNT LAY 785 B SR E T 45 -

(4) CNN-+transfer(Li et al., 2020): ZIER AT 071, KIREGEES B inEuE 5%
HEFEYILR, RACNNES] HE D EEE I ERE, RS BRSCR S R2BA T, 158
PR BE & B RTINS

(5)/\ ATL(Li et al., 2020): Z5&RHLYIGFTREES], I WER S HIRHME, SSIURRIEEE 2
Al R -

(6) ANNSA(Zhang et al., 2021): Bl& 15 BUBEN O R TIHLHI BIXTT W 28R

(7) KESDT(Qiu et al., 2023): Bl& T 2994 B & N AT E IR 79 2 /2 TransformerfZ 2,
fE Transformer /2 2% 2 [A] @l N\ & 5 81

K CADEC TwiMed
P(%) R% FL%) P%) R%) FL(%)
CRNN 61.26 65.96 63.52 68.52 66.43 67.46

HTR +MSA  60.67 61.70 61.18 66.58 63.62  65.07
CNN +corpus  52.75 61.28  56.69  60.51 61.50 61.00
CNN+ transfer 61.84 60.00 60.91 69.58 61.74  65.42

ATL 63.68 63.40 63.54 70.84 65.02 67.81
ANNSA 58.82 73.34 64.18 - - -
KESDT 88.16 87.63 87.82 71.22 69.15  68.63
DMFE 88.40 89.63 89.01 76.27 T71.43 T73.77

Table 2: HMECADEC -~ TwiMed3URE FrsLissE

i SR AT LUE HDMFEZ BRSPS « EIA AL R B Prompt 5 4l 5%
B R TG USRI 2 5, RPN EGESE LF ERRBUS T LR BT RRCR -
FELTEOE 5I AT AL TAEDMFER R KRR T, BT KESDTRIAIFRTI A T 54)
AR ARINE G A FAFRE B S AMRSFE, fRR TSR ) B AAE IR A TG
P )[R M T O DA R R 7S 5 A AR S0E 2 3 F Llama2-base(Touvron et al., 2023)i# 1
TR AR E M R MEE (BB THIESR DA A, S EROR 25 IRMER A B %L
IR & 2 RIS BEE, 7 HAHBTDMEE S RERITERIE, BUXEh &k E
ERIRE N HER -

4.5 ZHRHALRBUR KH RS

oy 3E — S VR A AR T K o R AR 3R B BB RO, AR ST AL R BR 2 T Prompt Y
A 8% 15 B - charCNNF AP FAEFE B « AMR-GATE AF MR BUH AT T iH B SE 58, SEab 4%
B #3 . F4FTR - HElZ 5 A 5SDMFEM ., ZECADECEIE £ F MFLE 4 5 F %
T1.72% -~ 1.36%#11.04%, ZHTwiMed#U#E % FF1{E 9 5 FFE T74.69% ~ 1.69%F12.02%, &4
UEBR T S [R] 45 5 FRAE SR BUE A SR AR R 3t T 29 A B O R AR 2 B8 2R - H P iE
TPrompt IS AR5 720 E A, E B Prompt R 4TI A1 1R 7] DAY B AR A &8 47 M B AR 254 1 R
JZE, T = R A5 R -

B =P E SR SRS, %%515?—2@325% KR, PE, 2024725 H%28H.
1. ExwX
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nlﬂ
il
4k

BRIk P(%) R(%) F1(%)
Bert(bert-base-uncased) 86.76 85.43  86.09
w/o prompt learning 87.02 87.56 87.29

w/o charCNN 86.32 89.02 87.65
w/o AMR-GAT 87.43 88.52  87.97
DMFE 88.40 89.63 89.01

Table 3: CADECEUESE b AIE Bl SEES:

BT P(%) R(%) F1(%)
Bert(bert-base-uncased) 66.71  62.38  64.47
w/o prompt learning 69.82 68.36  69.08

w/o charCNN 70.98 73.22  72.08
w/o AMR-GAT 71.49 72.02 71.75
DMFE 76.27 71.43 73.77

Table 4: TwiMed P54 AT EISELS

4.6 KHEEBEH FEARILER

A BRI LA R N TT ﬁiﬂﬁym/\ﬁffnﬁ%ﬁ B DA B FE AR B R A5 O T AR 21
JERNEE - ARIEDMFEERE RS = NRERE, 2aIBOIIZRER20% ~ 40% ~ 60% ~ 80%%K
# & AEDMFE L #1755 % 5Bert  (Bert-base- uncased) AT X I, 7] LB HDMFEHE 8%
T Bert A EMRER N A HIFatERE, SRR WESFTR -

i

i !
i 75 !
L g0 i |
! &8 “ 0 5
i 86 |
| 65 !
' |
! o :
' 60 |
: 82 |
i 55 I I
1 80 '
i |
i 78 50 i
i 20% 40% 60% 80% 100% 40% 60% 0% 100% |
i Bert-CADEC W DMFE-CADEC W Bert-Twivied M DMFE-TwiMed i
! i
| !
| A B '
e o e

Figure 5: {KHF G N DMFES Bert RS L 5256

4.7  AFEPromptX M55 H =2 0m

BT HEIR % ) BN AR IS [F] Prompt 849358 O B2 I BE 77 s M AR, A 30358 B
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The key words: K; [SEF]ls there adverse drug reaction in the following sentence? 2004 7377
[SEF] 8

Figure 6: /A~ [AIPrompt Rl 35 5 B s

5 EWRiE

NIRRT AYIA RN REE T, A% AR 5 554 mU 241
AE R SR IR IROR, 1R TDMFERAL: FIFR/RA SR SN 23R B SR A R
BFAEE, AIRAERMEMSEchar CNNTIR T RANE S, BRI P BA P 5 AR Y H]
A, EEEERAME (GAT) 3ATHIMEIE LR (AMR) 52 mRA0 8 SRR AE
71, VMR REGEE A A MTE R - SIDMFERE RS T A 48R IERB I E RE, 1o
ATOAGN TARBTIREASE MEBIAERNE, DU FIPrompt AR SLAR 45 5 BIRZMH -

RN, FATRALIEAR AP 2G4 B S N AR I £ 2R e T — 5 A4S & A AU
RN YA RN R IIARTL AT R0l , S KA SRR K EFRIREENRS A—hm
R 2G| A B )7 20l E A SR AT TR 2 >, DURR 25 R R S S 80 R B

()R -

22 SCHk

Tlseyar Alimova and Valery Solovyev. 2018. Interactive attention network for adverse drug reaction
classification. In Artificial Intelligence and Natural Language: 7th International Conference, AINL
2018, St. Petersburg, Russia, October 17-19, 2018, Proceedings 7, pages 185-196. Springer.

Nestor Alvaro, Yusuke Miyao, Nigel Collier, et al. 2017. Twimed: Twitter and pubmed comparable
corpus of drugs, diseases, symptoms, and their relations. JMIR public health and surveillance,
3(2):e6396.

Adrian Benton, Lyle Ungar, Shawndra Hill, Sean Hennessy, Jun Mao, Annie Chung, Charles E Leonard,
and John H Holmes. 2011. Identifying potential adverse effects using the web: A new approach to
medical hypothesis generation. Journal of biomedical informatics, 44(6):989-996.

Yahui Chen. 2015. Convolutional neural network for sentence classification. Master’s thesis, University
of Waterloo.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. 2018. Bert: Pre-training of deep
bidirectional transformers for language understanding. arXiv preprint arXiv:1810.04805.

National Center for ADR Monitoring, China. 2023. EZ %A RN EMFEERE (20224F) . HEH
TRERALE, 13:245-251

Trung Huynh, Yulan He, Alistair Willis, and Stefan Riiger. 2016. Adverse drug reaction classification
with deep neural networks. Coling.

Sarvnaz Karimi, Alejandro Metke-Jimenez, Madonna Kemp, and Chen Wang. 2015. Cadec: A corpus of
adverse drug event annotations. Journal of biomedical informatics, 55:73-81.

Yoon Kim. 2014. Convolutional neural networks for sentence classification. Eprint Arziv.

Michael Kuhn, Monica Campillos, Ivica Letunic, Lars Juhl Jensen, and Peer Bork. 2010. A side effect
resource to capture phenotypic effects of drugs. Molecular systems biology, 6(1):343.

Zhiheng Li, Zhihao Yang, Ling Luo, Yang Xiang, and Hongfei Lin. 2020. Exploiting adversarial trans-
fer learning for adverse drug reaction detection from texts. Journal of biomedical informatics,
106:103431.

B =P E SR SRS, %15?—2@325% KR, PE, 2024725 H%28H.
1. ExwX
(c) 2024 HEAPELFSHIEF A LVERE 524

pain



HEESY

Pengfei Liu, Weizhe Yuan, Jinlan Fu, Zhengbao Jiang, Hiroaki Hayashi, and Graham Neubig. 2023.
Pre-train, prompt, and predict: A systematic survey of prompting methods in natural language
processing. ACM Computing Surveys, 55(9):1-35.

Lara Magro, Elena Arzenton, Roberto Leone, Annette Rudolph, and Ugo Moretti. 2021. Identifying and
characterizing serious adverse drug reactions associated with drug-drug interactions in a spontaneous
reporting database. Frontiers in Pharmacology, 11:622862.

Cinzia Marano, Laura Murianni, and Laura Sticchi. 2005. To err is human. building a safer health
system. Epidemiology Biostatistics Public Health, 2(3-4).

Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey Dean. 2013. Efficient estimation of word repre-
sentations in vector space. arXiv preprint arXiv:15301.3781.

Patricia Mozzicato. 2009. Meddra: an overview of the medical dictionary for regulatory activities.
Pharmaceutical Medicine, 23:65-75.

Apurv Patki, Abeed Sarker, Pranoti Pimpalkhute, Azadeh Nikfarjam, Rachel Ginn, Karen O’Connor,
Karen Smith, and Graciela Gonzalez. 2014. Mining adverse drug reaction signals from social media:
going beyond extraction. Proceedings of BioLinkSig, 2014:1-8.

Yunzhi Qiu, Xiaokun Zhang, Weiwei Wang, Tongxuan Zhang, Bo Xu, and Hongfei Lin. 2023. Kesdt:
knowledge enhanced shallow and deep transformer for detecting adverse drug reactions. In CCF
International Conference on Natural Language Processing and Chinese Computing, pages 601-613.
Springer.

Chi Sun, Xipeng Qiu, Yige Xu, and Xuanjing Huang. 2019. How to fine-tune bert for text classification?
In Chinese computational linguistics: 18th China national conference, CCL 2019, Kunming, China,
October 18-20, 2019, proceedings 18, pages 194—206. Springer.

Kanchan Sushim and Gaidhane Abhay. 2023. Social media role and its impact on public health: A
narrative review. Cureus, 15(1).

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. 2023. Llama 2: Open founda-
tion and fine-tuned chat models. arXiv preprint arXiv:2307.09288.

Chuhan Wu, Fangzhao Wu, Junxin Liu, Sixing Wu, Yongfeng Huang, and Xing Xie. 2018. Detecting
tweets mentioning drug name and adverse drug reaction with hierarchical tweet representation and
multi-head self-attention. In Proceedings of the 2018 EMNLP workshop SMMjH: the 3rd social
media mining for health applications workshop & shared task, pages 34-37.

Andrew Yates and Nazli Goharian. 2013. Adrtrace: detecting expected and unexpected adverse drug
reactions from user reviews on social media sites. In European Conference on Information Retrieval,
pages 816-819. Springer.

Xiang Zhang, Junbo Zhao, and Yann LeCun. 2015. Character-level convolutional networks for text
classification. Advances in neural information processing systems, 28.

Tongxuan Zhang, Hongfei Lin, Bo Xu, Liang Yang, Jian Wang, and Xiaodong Duan. 2021. Adversarial
neural network with sentiment-aware attention for detecting adverse drug reactions. Journal of
Biomedical Informatics, 123:103896.

PP ET SO E AR, 51500502500, KR, B, 20244725 H %28H
: Eawl
(c) 2024 HEAPELFSHIEF A LVERE 525



