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Biomedical Relationship Extraction Method Based on Prompt Learning

WEN Kunjian,CHEN Yanping, HUANG Ruizhang and QIN Yongbin

State Key Laboratory of Public Big Data,Guizhou University, Guiyang 550025, China
College of Computer Science and Technology,Guizhou University, Guiyang 550025, China
Abstract Extracting the relationship between entities from unstructured biomedical text data is of great significance for the de-
velopment of biomedical informatization. At the same time,it is also a research hotspot in the field of natural language processing.
At present,there are two difficulties in correctly extracting the relationship between entities in biomedical data. One is that in bio-
medicine, entity words are mostly composed of compound words and unknown words, which makes it difficult for the model to
learn the semantic features inside the entity. Second, because there are few biomedical band labeling data and the amount of pa-
rameters of neural network is large, the neural network is prone to overfitting. Therefore, a biomedical relationship extraction
method based on prompt learning is proposed in this paper. In this paper,an annotation label for entities is added to prompt enti-
ties to enhance entity semantics and contact context information. In addition, based on the traditional prompt optimization me-
thod, this paper uses the continuity template to alleviate the performance deviation caused by the manual design of the template.
At the same time,combined with the depth prefix to control the depth prompt ability of attention, the model can still achieve good

results when dealing with a small amount of data.

Keywords Relation extraction,Biological information extraction, Prompt-tuning
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PPI 56 2 U AR 38 28 9 B2 2 SCHR 094 7 R 0
ANFE T S AR 2 1) AR AR L OC R lEAT 4525, PPIC &R AT L)
SE SN SR 1- 6 RSk 2y = Jndl . FEUNIE 1 R
M) FEAE =3 AR TR TG &R« (ykuD-True-SigK) , (ykuD-
False-T4),(SigK-True-T4), X £ N True I} 3R 52 {4 8] 47
EMEAEM R Z W AT,

True True

[ 1T 1
ykuD was transcribed by SigK RNA polymerase from T4
| |

False

B Ak & i =l

Fig. 1 Biological relation extraction triples
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3K A S CTDP # 8 7E IEPA, HPRD50 1 LLL %t ¥
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PT, il i jU w15 58 PT vh i B, 5 75 455 84 5 4% 2 55 15 91 b
TEXRE AT S5 . Liu S0 52 H AR B AR ob (8 I RTUI 25 1 32 2 42
I 3 S A A A A A S B LT LA R AL I 2 B
ZAE 2o ) h i S AT Bt i B R 45

3 MEESMENRSRERTWRNETEMLATE

fR4E 1Y PT b, 4 1 550 B SR FH 5 i 1Y B2 3] ok 44 2 — 4>
B ETXRAEACFHRR A, K 2 P8 Typical Prompt
FER o A SOy 1 W8 B A 3% M o LT 5 17 SR ) 8 de
AR e [ (3R] [ B A S A AR G T A AR 4 ke B
S PO SRR SCLL BB R R SCfF B Wl 2 g Our
Method 7w,



SO A R TR IR A ST 1Y AR W BE 2 G R ROy i

225

/
|
|
|
|

ykuD was transcribed by SigK .

ykuD [ has |(IMASK] ) with ][ the (" entity | Sigk

e e e S e e e e SR e . S

I
I
I
: EON
\
-~ Our Method

|
! kS — SE VY 7l 3 >
) Ewams ] RAESEXATIANRA

R

|
: ykuD[  (a target protein) was transcribed by SigK . [ The ][ target protein J ykuD [MASK] || with || the agent protein | SigK
|
: H AR
Mt . S e Nl e il s A S s i Rty s als . i s il il i i S i i M A R il ot e s e St i Al s e 2D, e B WP il el i o i i i S Rl Sl s . s s Mk i i s i AN
2 AR prompt 5 A SCI7 vk LT MUR # D
Fig. 2 Typical prompt and our method
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“(a target protein)”, [ 4 AN A7 AE SEAR AT O], AR 4 55 (& A7
A IRy g Sk IR 5 R AR ] ARk Sk SE AR B AR A Y R ¢ (a
head protein )7, £ %5 5 2R H 3 i =A% 26 40 3 /9 17 o0 2
#1pigl.

T & BN AR R I g b 2 4 1

Table 1 Each data set is constructed with annotated labels
dataset entity type\position tag content
target (a target protein)
LLL agent (a agent protein)
agent/target (a agent or targetprotein)
first entity (a head protein)
IEPA ; . .
second entity (a tail protein)
first entity (a head protein)
HPRD50

second entity (a tail protein)

3.1.2 HLBEBER

A% SCAF FAWS A Embedding # 7E % 44 A) 1 40 7 21 ) 2 %
TR ASRR B AT SR R SO AT I A B0 Can L 2 R R
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of ¥4 S AR AR 14 S it I VA TR B PLM. &5 48 b 0 18
. EOEM AT e — B RS K A B B
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M )3 2 AFE R B %2 X Embedding 2 BI#IEIRZS .
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IR R . T T, ARFX N SE 4R 1 5 504K 2 /9
AR I 2 iy s R IR . AR o

f(ss0)=[c T, s [MASK]+*T, ,0***c|¢c| ] [@D)
Horp Aol € C ALK, i C A AR A % 22415 X H
AR 0 Bam) SE 45, A&l 2w i R 5 4 TR . T LLAS B

§s= [‘T»\W\ e

A B BRI B EAS Xprompe =[x f (5000 Jo BEREAR Xy romp i B N
R A TR B B TR I AR
h X promp ) =LA (x) sh(f(s,0)) ] 2
h(x)=Embed, (x) (3)

Hr e )RR A)F B R FEAT R A H S . X (s, 0) i
Trialis A gt i, ek C &5 H % X Embedding )2 4 5% 4 16
AR Bl Bi-LSTM 3k 58 5 i 22 [6] #Y i 2, 2 5
i 1] MILP e MCIE 22 M e 5, e 5 48 1 C 9 3% 22 1) 48 2k 3R0R
f(s oW ET C W, AN JE T 8 W A Embed,  + ) %t H 4
W, W [, MBI v RIR % g bt B RB XA F
Embed, (v), v& C
h(f(s,0))= (4
Embed, (v), v€ C
3.2
Xt 4% 4~ Multi-Head Attention™® (1) {3 & Jy 56 W #4179~
J&, B AK i 7E attention HL#HI P key Fl value 45 [ 1 BF
He 1T I 5 0 TSR B L f 52 AR 1) T R O T L LA B 4R
NE S
28 R ) 2 o B AL 7™ A 1 D PR TE T 0 B 7 i 8 7
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merst "R ) B — )2 TR B0 (9 15 S A Tl o 98 42 7R T
BT ORI T BRSE . WERRATHRN TR AR

SR BEHLR) 4G 1 89 07 AT H R TR Ll R R IS Z 5 AR
Be 2% 3 B X Transformers™™ f{ & — JZ &8 A 25 A9 17 B4 42 % .
HatE BT .
K=[K,six 5 Korigin | (5)
V= [Vpruﬁx 3V origin | (6)

Attention(Q,K,V) :softmax( %)V (7
Forb, 05 D3RR B B B2 Kpveri s Viree T B Qs Ko »
V origin N attention J& IR 4
3.3 Mgt

Bf— A HX BLAFAE — R0 ORI E R YL
X0 AR BTN Yo o R REFEAR Xpromp RGN o )
NERIFRZE TR v o TEREAR Xpomp AR B ZH B H G, 18
2 fCsy0) HILMASK AR (9 B BC)Z 100 B hinsk » 38 33 315
Rk 55 0 28 1) B T 3] 10 LA 1o S 09 AR BLE A5 X I 43 2
HUAE A, Had A2

Py Xpomp ) = P(LMASK 1= v | Xpromp) (8)

Py | Xpomp ) = soltmax(hrynsky *© Embed; (Y ,)") (9

O, AT A5 A A B AR

Loss=CE(P(y| Xprompt ) s ) (10)

4 HEREHZH

4.1 HEES5EM

A3 PPL 3B BLFE B 9 TIEPA™, HPRD50™!Y FI
LLL™ B 46 ok A AL M e . fly F 25080 4 b 25000 7 20 it
b HAERAE TR A2 e 9 B8 30 43 07 2 B AR SR
e T3S I A 77 2ok #EAT I K. K B — O BROHE R S
B B HAD BRI B A B BOR AR 1 5 O B AR R
e T 32 48 o AT IR L R I 5 Uk 45 SR 1 T 4 (B A Sy A 1y
IR

TEPE A B, AR SC 2R 4% 48 19 Precision/Recall/Fl-score
(P/R/FOVEHVERE R PEAR #6845, ot Precision F1 Recall {4 5€
S

TP
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Re‘“Zl*TPjLFN 12)

o, Precision 48 i i 4 £ /D FHMEREAR R IEW Y . Recall 15
Hiith A Z /D HEREAR R IEH B A, Fl-score J& Preci-
sion Fl Recall B9340, Hitr BT .

_ 2X Precsision X Recall
Fl-source= Precision+ Recall (13)

AR BioBert-v1. 179 45 Sy TN 2535 5 A8, 6 FH 1)
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P 2% S $E B PP1, Mul-semantic fusion CNNM S A] 7 19 4 /)
T SO R U AT S i 5 G DA SR B PPI. R-BERT™ fff
HSCR {5 B 1 5 PLM /Y 4 15 15 B, ok I 47 ¢ & # 1l

PTRY 3 T80 ) 4 77 2R B B AR (9 PT 56 R Uy i
2P0 T HARIAE PP R L (¥ 3R 80, b i 8R4
ot o AL

F 2 ARSCE S HAWRE L AE PPLiE R I Ay P RE L 5
Table 2 Performance comparison of our method with other comparative methods on PPI corpus
AT 2 95)
Models LLLIZ2 HPRD5021] IEPAL20]
P R F P R F P R F

DRCNNE24] 80. 5 87.2 83.2 74.9 82.8 77.7 71.6 80. 6 75.5
RNN-CNNL26] 72.5 87.2 76.50 64.3 65.8 63.4 69.6 82.7 75.1
tLSTM+ tAtnl2] 84.8  84.3 84.2 817 82.3  81.3 78.6 78.7 78.5
Mul-semantic fusion CNNE13] 91.8 93.4 92.5 78.9 90.9 84.5 81.8 80. 6 81.2
R-BERTL27] 88.3 92.9 90.5 85.5 83.8 84.6 81.1 83.0 81.8
PTRES) 87.9  96.0 9.6  80.3  82.6  8l.1 77.5  85.17  81.0
Our Method 94.3 96.0 95.0 83.8 90. 0 86.2 82.3 88.5 85.1

3B S b LLLP i 4 & /) 80 i B by,
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4R 950619 R 4FHEfE
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ZEPEREAR (template) ; 335 A 2= 45l it B0 485 B ok 56 §IF H 3% 51, 45
Rk 3 pral,

3 B REABYE AR 2L
Table 3 Performance changes after gradually removing each module
LLL HPRD50 IEPA
our model 95.02 85.10 86.21
- prefix 93.301.72 84.20 4.9 85.3940.82
- template 92.51 2,51 80.22 4. 88 82.45 3,76
- label 91.56 § 3.46 83.79 1,31 85.16 1,05
- template o
P 82.33 41269 81.253.85 80.16 .05
- label
- f
preix 89.375.65 83.57 1,53 84.33 1,58

- label

X 25 5 AR A B0 5 ey T A A TG 0k AT
MLM £ 55, (R 7 R AT I — 2 8 I, A SCOHs I 38 20 250 5
& GEOIR J5 12 — B0, BT 022 17 8 ok MU (9 28 00 43 2

Ry A 8 S5 119 O S P L TR) — B0 £ BT B 1% 2 40 2 1
EW,
MR PRI Z 5 . CTDP # R e 54 B iE 4

F1 ‘f&FﬁETF%E‘JTFmET?/I\%HIHJIEEPEEWJ\E‘J,LE%%T
TR 4R HT 8 BE 38 fb Transformers™ Y FR1E $2 BURE 1. Bt
Y 2508 B i 3%, Transformers™™ #5345 411 (14 £2 B fig
JI S A TR T, R 0t 2 i R B 4R R TS 19 T ASOR d 4
BT

2k i g M 2 ) L B R A o i £ HPRDS50™Y A
IEPAP BB 4 110 F Bl BB K, 8 LLL Bl 48 - F
A e /DN 2 i A AR S 9 I B0 E L o 9 0 1 5
T i 2UbR 25 1 4 3 T U DRI, (BN 25 SRR 3% B ME AR AE
FEAS SR B T IR H B R .

25 e i AR 25 22 5 A5 10 A T il 1 A B0 4R AR
A BT F W LLLP B 4 bR R R 32 A K, AR SCIA Sy st
PR 7 T, 7 A8 3 A B0 4 P A O A o bR ZE B L X LLL™
B S R A S 55 S A IS AR AR DG I A SR s 1 X 5 A B A
B 45 R T A5 S AR B R S I A HEm L O LLLY2 44
S P A B PE AR 25 5 TR S BUAH SC B, B — AR BB 2 M A
X3 AR 2R i O Ay Wb 2 ) B A SO, 3 BT RN 1% 3R 1
fiE

28 3% 2 MR AR 45 A bR 2 0 2 ot O R 4R R

T 25 T o AR ) M R 7 4 S B 48 38 B T ORI TR B i
A D0 ASE A0 op B — 3 oy B B B VR . R R R R AT
5 i A 2 0 A e B i P AR P A L BE T I
Wi J3E /N B0 PRI R i I
4.4 IMNERIZ

S 56 VI A TR o 5 A 0 5 R I R AR SR TE-
PAMT  HPRD50PY , LLLPH 5% 3 AN EIE4E ERIF 75286, 5
T AN A K ISR B 2 3 45 /8l 40%6.60 26,80 %6 Ok

PEAT LI L A5 R AN 4 R
100
80
% & WL
2 IEPA
10 HPRD50
20
o S B = -
4 100

60 80
BT/ %
B4 INFEARYIZREE R
Fig. 4 Small sample training results
TE 3 A HUE A T ¥R 7E OISR BHE S 100 %0 B F1 P Rg
HAs fe e Bl U R B0 0 0 b PR BE T 4R R M T RE L BT R

R NG . BIETE R 40 20 BN ZRB I T L A 4TS 4K
REIAR B R A 25 21 X ENIE T CTDP A5 84 % £ 4 4 /0 14



228

THEPLEIZE Vol. 50, No. 10,Oct. 2023

Com puter Science

17 BU A 5 1 B
4.5 attention A #L4L 43 #7

Sy 06 AR TR v 3 i AR 48 VR L AR SCORE R RN 25 S 1
attention #EAT T W MAL A3 BT, 25 R W& 5 s . FEIE 5 (a) I
5(b) A, /) H Y S A 5 A Al e i S A 22 ) R A AR BT 1

A SV X B IE 1A SCBE AR M 3 B A B AR 7R 5 ()
TR v T i SRR 2 5 R T TR R g Y A AR
B ARG AR LG BE L FE T 5 (b o, SEAR 1R A 2U R 45
5 2 B T i AUPR 2 A R Y A LG L K EIE T A S
PR B AR LT CMRETT.

#4G
H#itsp
S

-

| ==
protein
target
the

with
[MASK]

protein
agent
the

so

)
protein
agent

a( |
</EI>

H#HE

Hiter

G

<EI>
protein
binding
DNA

the

requires

aiso
transcription

protein

target
a

(
</E2>
#4G
Hisp

s
<E2>

<E2>
#isp
#4#G
</E2>
target
protein
also
requires
the
DNA
binding
protein
<D1>
G

$fer
HHE
</EI>

transcription

A
a
agent
protein
the
agent
protein
Hifer
#4E
has
[MASK]
with
the
target
protein
#isp
#G

Ca) ) v i b 26 A L S

H4G
#Hsp
s

protein
target
the
with
[MASK
has
HHE
Hiter

G

-

protein

agent
the

so
)
protein

agent
a

(
</E1>
HHE
#Hfer

G

<E1>
protein
binding
DNA

the

requires

also
transcription

protein
target
a

(
</E2>
H#HG
Hitsp

s
<E2>

transcription
also

requires

the

agent
protein

HRIE

A SORE A2 1 55 A A HOCS B OR R AR 45 AL R
TRl T SRR 5 TR R S R AY PR R A A
PR 30 4 55 5% 4K O 5 B0 2R3 5 R B3I 2Rk — Boed Oy 5
B T8I SRR AR R B BR R TR LA B AR T T A T

(b)) 7 55 WA i it X 46 A 1 G 1

& 5
Fig. 5

attention A #i 1k

attention visualization

Fefk b A sUbR 4 L R 4R R AR U TR YRR T . A
SCHE PPTHY 3 MR 4 L JRIT 5086, 45 R R, 5l iy O ik
AR EE A SO IRAE PR RE B 35 B4R T ) I U0 T % 5 ik 9 AT
Fidk . AERAH TAE b, JRATDR B 0% 0y B A T8 T FUR N 1Y



SO A B TR IR 2 O 1 A W B 2 50 R AU

229

S

(1]

(2]

[3]

(4]

(5]

L6]

(7]

L8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

ROR L UL AR 2 B AR

2 % x o

WEXLER P. The US. National Library of Medicine’s Toxico-
logy and Environmental Health Information Program[]]. Toxi-
cology+2004.198(1/2/3) :161-168.

LECUN Y,BENGIO Y,HINTON G. Deep learning[J]. Nature,
2015,521(7553) :436-444,

KIM Y. Convolutional neural networks for sentence classifica-
tion[ J]. arXiv:1408. 5882,2014.

SUTSKEVER I,VINYALS O,LE Q V. Sequence to sequence
learning with neural networks[ J/OL]. Advances in Neural In-
formation Processing Systems, 2014, 27. https://proceedings.
neurips. cc/paper/2014/hash/al4ac55a4{27472c5d894ecl c3¢743d2-
Abstract. html.

BELKIN M, HSU D, MA S, et al. Reconciling modern machine-
learning practice and the classical bias-variance trade-off[ ] ].
Proceedings of the
116(32) :15849-15854.
SCHICK T,SCHUTZE H. Exploiting cloze questions for few

National Academy of Sciences. 2019,

shot text classification and natural language inference[ ]J]. ar-
Xiv:2001.07676,2020.

DEVLIN J.CHANG M W, LEE K, et al. Bert: Pre-training of
deep bidirectional transformers for language understanding[ ] ].
arXiv:1810. 04805,2018.

BLASCHKE C,ANDRADE M A,OUZOUNIS C A, et al. Auto-
matic extraction of biological information from scientific text:
protein-protein interactions[ C] //ISMB. 1999,7.60-67.

ONO T.,HISHIGAKI H, TANIGAMI A.et al. Automated ex-
traction of information on protein-protein interactions from the-
biological literature[ J]. Bioinformatics,2001,17(2) :155-161.
KAMBHATLA N. Combining lexical,syntactic,and semantic
features with maximum entropy models for information extrac-
tion[ C] // Proceedings of the ACL Interactive Poster and De-
monstration Sessions. 2004 :178-181.

BUNESCU R C, MOONEY R J. A shortest path dependency
kernel for relation extraction[ C] // Proceedings of the Confe-
rence on Human Language Technology and Empirical Methods
in Natural Language Processing. 2005:724-731.
HOCHREITER S,SCHMIDHUBER J. Long short-term memo-
ry[J]. Neural Computation,1997,9(8):1735-1780.

VASWANI A, SHAZEER N,PARMAR N, et al. Attention is
all you need[J/OL]. Advances in Neural Information Processing
Systems, 2017,30. https://proceedings. neurips. cc/paper_{iles/
paper/2017/hash/3f5ee243547dee91fbd053clc4a845aa- Abstract.
html.

PETERS M E,NEUMANN M,IYYER M,et al. Deep contex-
tualized word representations[ ] ]. arXiv:1802. 05365,2018.

LI Y,CHEN Y, QIN Y.et al. Protein-protein interaction rela-

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

tion extraction based on multigranularity semantic fusion[]].
Journal of Biomedical Informatics,2021,123:1532-0464.

HAN X,ZHAO W,DING N,et al. Ptr:Prompt tuning with
rules for text classification[]]. arXiv:2105. 11259,2021.

GAO T,FISCH A,CHEN D. Making pre-trained language mo-
dels better few-shot learners[]]. arXiv:2012. 15723,2020.

LIU X,JI K,FU Y,et al. P-Tuning v2:Prompt Tuning Can Be
Comparable to Fine-tuning Universally Across Scales and Tasks
[J7J. arXiv:2110. 07602 ,2021.

LIU X,ZHENG Y.DU Z,et al. GPT understands,too [J]. ar-
Xiv:2103.10385,2021.

DING J.BERLEANT D,NETTLETON D, et al. Mining MED-
LINE: abstracts, sentences, or phrases? [ M] // Biocomputing
2002.2001:326-337.

FUNDEL K, KUFFNER R, ZIMMER R. RelEx—Relation ex-
traction using dependency parse trees[ ] ]. Bioinformatics, 2007,
23(3):365-371.

NEDELLEC C. Learning language in logic-genic interaction ex-
traction challenge[ C] // 4. Learning Language in Logic Work-
shop(LLL05). ACM — Association for Computing Machinery,
2005.

LEEJ,YOON W,KIM S,et al. BioBERT :a pre - trained biome-
dical language representation model for biomedical text mining
[JJ. Bioinformatics, 2020, 36 (4) :1234-1240.

ZHANG H,GUAN R,ZHOU F,et al. Deep residual convolu-
tional neural network for protein-protein interaction extraction
[J]. IEEE Access,2019.7:89354-89365.

AHMED M,ISLAM J,SAMEE M R, et al. Identifying protein-
protein interaction using tree lstm and structured attention
[C1//2019 IEEE 13th International Conference on Semantic
Computing(1CSC). IEEE,2019:224-231.

ZHANG Y,LIN H, YANG Z.et al. A hybrid model based on
neural networks for biomedical relation extraction[ ]J]. Journal of

Biomedical Informatics,2018,81:83-92.

WEN Kunjian, born in 1998, postgra-
duate. His main research interests in-
clude biological information extraction

and so on.

CHEN Yanping, born in 1980, Ph.D, as-
sociate professor. His main research in-
terests include artificial intelligence and

natural language processing.

(SEAE 2 4 - i 8



