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Overview of Medical Knowledge Inference Methods with Fusion Subgraph Structures

SONG Haojun, LI Yan, LIU Yueyue, HE Xinyu

College of Medical Information Engineering, Gansu University of Traditional Chinese Medicine, Lanzhou 730101, China

( Abstract])  Purpose/Significance To provide a comprehensive review of inference methods in medical knowledge graphs that incorpo-
rate subgraph structures, and to offer valuable insights for future research in the field. Method/Process A thorough analysis of relevant
literature is conducted, integrating knowledge of knowledge graphs and inference techniques. The study highlights the features and limita-
tions of current leading models that use subgraph structures for knowledge inference, and compares them with various other inference
methods. The advantages and disadvantages of these approaches are assessed in the context of specific domain tasks. Furthermore, the
current state of applications and future prospects of subgraph — based inference in the medical domain are summarized. Result/Conclu-
sion Future studies should aim to explore the interaction between diverse modalities of information in the medical field to enhance infer-
ence capabilities. This will contribute to the development of more comprehensive medical knowledge graphs, thereby providing effective
solutions to clinical practical challenges.

(Keywords)  knowledge reasoning; subgraph structure; graph neural network; knowledge graph

1 5]

i1

SRR PR — o BT 878 LS T S S 4 R H oG
CEEEA) A, BT . 2 5 RIYMZ, W SR ) = oe R AR, B
2 L S WAy GRSk, K&K, BSd), Hpar SR
(RLWE)  HEGE 2T e— st mge oLl MFIRTREINRER . TAE SOy BLSE
HETH (FH4% . 2021LDA09002) . AR R BRI RS RN RS LAk
.63 -

(1£EHHI) 2024 -07-13



ESEENATS 2025 46 B

JOURNAL OF MEDICAL INFORMATICS 2025, Vol. 46 ,No. 1

IR ARSC R . B, GO, BERAE
R, o) BE—dsi=ood, Hk, BSRn
Bl CTEOHET RO, BRI e
ERXMA LRI KR M EE T 4%, R
PSR A RS By T B AT 2503,
W AT ARG WEREY . FEK
VARG ST, Y IR,
RVRCHE FE ) A SO IS, 5 9 4 F R LR
FEOMEIRTARIBI RS R o X LE IR 2 T R ]
TR S SLTARE, R AE R 2O, PRAE A
WS TR B R K e

SRR B A P R PR3 114 A R 0
PEFIR, A A 3, al ff sk ok R, Rl TR

JEF ) FEARIE B AL PRECR AN G, 5 LN T
R LR THERE . © B F R AR
X, BrE & M 4% (graph neural networks, GNN)
RS G g R s R HERIRE S, 5
TR AR HERL T AR LG, BERE AR AR B 2 5 i 1 SO
., AT S A RO S AR OC &R

2 HHREIEMEXTTE

TR ST ik MR G BRI A R B AN
ZSH PR BEHERE, AT I E A [ AR AW
(AT 45 MEBE . MR AR GBI o A, e e
PIVKERAE, T R E R R Ik, R 1.

F1 BEMIRMEETE

SR 24T 3 Zy ] BT i
SETREMMOHERN AR BRH AERICKIRRR  RseHrs DABEHLIEE 77 A2 0 06 R, B B 12 A
M e PEMIE, ASEREA i
MBORREEE  epommpiink ) FUNSRSCMEIAEHIZE DB, IR
WTFFRE I 2 B . BERIRTER @A {6 PRI S04 ) Je 7% = JCAL I SE AR R
TSR HEAW, T SEAEERRF TN FEERRER, T RAR RS A L
B b2 i)
SETMAMA I R BRI MU, BRAR R ORI 45 0T RO B S X, R
.M AME AR i
feies BN H R % T 5 R R S SO R A b, SEmfE
mLBJ

FEF GNN BRI R E R IR A S8
R R LLAE i

fER, e

Y4 o 2 P 2 e 1)

A B A R 4 1)

AR ABSE T A B, AR S 308 52 Ui
1
TR, FL AT AT A R P A A 1L

TEVR AR )y i of, 6T BN B0 07 1 7E 7
SR RO FIAS A 24 ok 7 T B Ak R, B
WERR AR T R 2 3 107 B TE AR i A kst
TR G E , A2 G % T 0 B35 ) s 1 (1)
B, (E A Y SRR AR B AT R R LT,
BT 2R £ 1 R LA SR 4 ST RE ) T
HRRE I AZ AL RE 11 o B T 181 45 4 A GNN
R R S OB N B R VR R B R, B
Fp RAGVERNTT Y B2, AT AR 1 19 5 8 LTI
ZERE, FF R AR LA A [R) a] 2 RN B0 4 4R 1 7

.64 -

KU MR, BT IG5 2
SR, JCHAE PR Y N R B iz A 4 A
{Eo ARSCEAE F IR ISR A P J S AT 8

3 MATESMHEZMIRAEE

il P 350 118 15 2 SR A 0 2 i o e 4
W, I8 AR 3R R M 2 R 25 I G 3 42 3R
SEE B G R SEAR A HERE . AR B2 27 P AT
F AR, SREC 5 B A5 R AT Lo DA 1) P G 1R)



ESEENATS 2025 46 B

JOURNAL OF MEDICAL INFORMATICS 2025, Vol. 46 ,No. 1

P <i5 P 1 i B Y | S R o el [ 2
KF, A 1 TG 8 A5 10 39 A A
W . T RYHR AR AL T 0 1] [ TR R A ) P Y — o
FEIRIOL,  FEHR A0 R A 2 B A IR XL 9

3.1 AmETFELEH

A 1o P phy — 2 R — 2 A 5 1) ) i 2 R
FIZER, HASYELE T, A7 AE— AR s 2507 1l AH S 1)
1, A RETT AN AT RER R AR SR R o FEBR A7
HRE R A, A ] [ A D03 AE T RERE A B ek AR
RAEMBNEER, EHTHIGER 1677 HAR AL
TP 1 6 5 T 55
3.1.1 SASRAMA  HHATHET GNN fHEM I 5 7L
PRI B F NS F 7 AT AR SR BR Y, A T 5870 3R L
PR B I ME L, Sun KSR —
Fh P25 R RN AY T R HER (substructure — aware sub-
graph reasoning, SASR) ML, 40ff 145y B
i (substructure — aware module, SAM) FIJ¢ R AHK
Fi3k (relational correlation module, RCM) , FHr,
SAM 5 fE M 2R Y FR FME B, T RCM A B )
M T ARBO R Z 8] B8 SCAH SR, doeJia AT P A
R FR) A ) 8 SR R 0 o O fE B = S0 2 R A
oo ABCT RZUE T ZMAN R %, SASR
BRI HA TR R IME R, #TF 7R R R
LORBIMERPE . SR, HALBEZAS T AR, %
TUPERESS AR, AT RE BRI 4005 Az AL RE 1 85
P2, L, F45H %0 JE 5 SASR LAY HE
HVEREEENRZ —

3.1.2 CoMPILE#&A BRI AEAEFER
MSCAR, MG B JC %A R AN X ) A Bk
KeFo PE, Mai S S B —FloRT 14 ¢ R AR
EAL ML 4R (communicative message pass-
ing neural networks for in — ductive relation reasoning,
CoMPILE) . %M AU i i SR HCEF A4 1) -1, iz ]
G IN E ML o 2R 5 JRy R A s AE A xR S
B o PR A B P, 7 A PRAR X FR S 0 B
KREMEMGI AR ESHITE . SR E, CoMPILE
R A o) 5 P DR T A 0 5 AR HEBE P AR FR G
Eip (2 LR AN L LS U RS S S R U SED N

P, LASE S oy > 3 S M 2 i A, DA B HE
B PPAG A 20 0C R R

3.1.3 Meta—iKG#A BEREHR TS
KRR, ARV KA. GNN 7E4bH D
HORREAR, HEPYERE R AES TR R M. SR
[, Zheng S 55§ H HE - [ Y J6 2% > RS
( meta — learner inductive knowledge graph, Meta —
iKG) , %A R E 5 R o S BRI DT A > 2R A
BRI . i K B o A B 2o o HARSE R Y
GNN, Tieas > W& it 28, HvIVE
PLBE R O R s K, BRI S, IRl T OT
F 2] eIk GNN, Jd 5 58 GNN S HUFITT % ) %
PACRERIVERE , LU I /o P2 2 56 R AR A 1 4
H, Meta —iKG #5513 o £ K A B E L 55 2
]S U Gk, BT A 55 I RE DR s 2 ) Az Ak
(EZAR TR ] REAF AL 2 SR IR A 2 S SRR A Ak
PR A O AR B PR RE T R A IR, AR AE T8 X /D
O AR K I L 1 U

3.1.4 ISS—NREA FAEMZERGECEHIR N
N TR RO AT 16 U — , HR A A 7]
RGP AR RE 1 H AR AR
)25 2R GEAE AL BRI AT 1 B e e 2k A B 25 3757 T OB
SR e S N PR B A SR — R
TS5 Y A 22 O TR AL (lincorporating
sub — graph structure via neural reasoning, ISS —NR),
TR T 2 U T R A PO GR AR, 2R
THEEGUR I, W, FREE, TRERERSR
LRl ok 1RSIV SR B IR, R Tz ARE
Jyo BRI, BIRZUA Dijkstra FIE ™ ATRE SO
SR DA PR R, A DAL T O

3.2 EmEFELH

T 1) P2 iy — 213 R —2H JC 5 1] B4 3120 20 A8
P, SRR AT ) 9 3 4 5 2R A T RE A AE A G
Fo FUAEDR 22 RIRE B 1748 3 /8 X AR 5 28 FIAH
Uk, FERR R AR A B A LS, ERT
FRMWE BT . YRR AR TR 2 S I AL 55
3.2.1 SubGLP AL I A% A4 HE HLLE X~
PHERE R T 75 A7 7 B AR e IR — | TR 22 R A ]

- 65 -



ESEENATS 2025 46 B

JOURNAL OF MEDICAL INFORMATICS 2025, Vol. 46 ,No. 1

L T ERAE Y B 0 T R B R B AR (sub -
eraph link prediction, SubGLP) W] fi# 2k 3 & [n] B |
HAAHIC R A S TR X2 AR B A
T SR AT 255 75 1B S0 BE S AR (] A R G R Tl
M, ZAER A5 5 R B GNN 3R T & B i X
FRAE, JFOEFTPEIFIBSTE 0 1 - ONN 47 5] k -
GNN, ffaii ik IR A58 7 E&RR, Hadk
LM 4, 58 ISR ] ) R O R T, Sub-
GLP 7Y B fifp e T AR HE R Hp i B IR — A 22 R
TR, (B AT REAFAE—LE R, 4 B4R Fl IBCPT g
KBRS, R BIINRRRE; F BRG]
RESEUE R BRAMITA, SEma T50I R 14

3.2.2 GraphDrop # & X B2 EE 454 52
AT BOHE BB AT i BV 558 A5 (R R, Mai S
26120 R L A A R T PRI 56 R HE B RY (graph
dropout, GraphDrop) . 1246 Y i i 2% 55 % 56 28 7
PR A AT R, R B R 2 A AR L
P A AT Rt . ZF TR B
FERERE TR, /A8 2 57 eh BT 5 7R U ATE B
MRS T I, il GNN B S SR EEREEEN
W43 GraphDrop # R f1 i 35 L AL T HE % 2 A b
A RTINS i R T S R . TRIESE, A T LR A A B
WRARZ G RE R R E @M, RO TR b
PR REOR 2R Z R A, (BAAAERY R, TEAL
PR FETT (0T, AT RS 2 58 U] 4 4 i 15 )2
Bl B MM BR A4 15 100 o

3.2.3 GrallL A Feh LAy Br B HE R ik
H, TETEZME TR EE T S 2 A A 2
FRI, 33k 3 BOBE RSN G I Bk 2 8 8 1) SRR L
(RS AT AR RN 22 o Teru K 2527 $2 1 g 6577
(graph inductive learning, GralL) W] fi#ptix —[n] i,
BT AZ O SEAR R AR BT i w o JH Y - [ 25
oy, PRI A OC R r,, B 320 SR HH bR
WREIH T, F R ERC SREE . Bir=

JCHIESY 3 AT 55 52 BT A5 8] B 5% A A T
GralL BERIER T 1 O A BN (408 7 3%, REAE LI 72
SR AR WL Y R Z B R AR, %A
TR B A2 T 2% 1 0155 99 i 22 1) B XL £ RS
i, AU TSR SR S A, X AL
BRI 1% R AL BALE PR

3.3 RERITiE

il T PR KA1 P B o SRR R | L %
2. BRI G S B PR R I DR S R T Oy
DRI 8 R T 0 4 5 7 A R
Fil £ T P W By W A A i 2 A
TSP 547, — T EEHES (mean re-
ciprocal rank, MRR) , fiif 5157 7F 25 3 45 if) H R [1]
IEMERHEA LS. e R38F8 (hit at n,
Hit@ n) , FmbimAER [T n 4G5 PR 40 5
RS, MG, DR R R =
TP BRI (mean average precision, MAP),
FHTF VRS 5 B R 5 48 ALHE 7 45 B0 RE 1) B 2 48
bR, ZAEME R, Fm A RIVE RE by, TR R R TE
TAT, %7 538 3 i 8 Jmy 350 45 48 AR A0E 3 1 22 Bk
12, PR R RE . B, FEaHTEN S
SEPRI S ZR I, T Pl 45 4 T B2 1) e (S 4
fE, JRRING 5 22 AR 6L IR 2l i EL A%, A
TS B R A L A T R . Z Bk g AR 4
PROT LB 7R B 24 00 R B 25 ) LRy, R s IR IR
A ERR AT BRIOC R, MR R S
B I, EZENT G BIIRT R, LBk R
A JE % 265 030 ek 22 2 S DR R0 11 L Ak 5t
B Li b, WO T A By T i 5 R
SRS FIE B 22 BR R AR (0B J1, LA T i B E
SRR, 4B S PR PR T4 A T, 2%
RN T R, 5 R A T I R A A
R

x2 RBMETESHHAIREETFARER

iRy [IE-S 1323 Peri AR
SASR Hi SAM Rl RCM WiABE M, A Ribds BB R, WAL T BEZTHMR, SEdis, 2
HH T 0 e AR AL fereS 2=

- 66 -



S g A gt
EFERERT

2025 FEE46 HH1H

JOURNAL OF MEDICAL INFORMATICS 2025, Vol. 46 ,No. 1

(W=

i

TEAL BRAR X FRAN SRR 5 28 f AN b 3 R

AL BE AN [] 26 B4 56 72 P EL R PR30 1o 37T

BRI S A5 B AR T A%

A R P AR S 2 4835
A BTN P [ s T g A TN 4 R i

iz [EE-S 0

CoMPILE DIMZ W HESL, XA 1] F BTG &R

il e 2
Meta —iKG  H4FE KRR I FITH I 84U, Wil oo

2 2] fn I 5 Pl T 22 1 45 %Iz A
1SS - NR — T T P2 R 2 R TR [ A

P Jt e
SubGLP SIHREET R RIS G AR A
GraphDrop B4R/ 25 37 o 505 108 A M 7 11 5

ik 2
GralL Xt SRR H A TR, fiEAE S AT A

(N9

REAS T A DI ZRad B P A U9y s 2 )
(PSS

3 T 8 L0 o L A
B
SRR FH AT
b

TR SRR K, AN IRORE B
£

TR A TR AL B BT
ot IR AR 4T A P
ok

ZBW 3 515 AR5

4 NMRABRERKRREE

4.1 MR

I 2 R P38 0 A 5 70 T I 2 SRR
I RS WA T AT AL AL BE, R S B 22 kA
FE AL SRR L RS IR S5 H (0 R e
JiEEAERE 2 SR B L W B 2 D5 T, W25 4
K. BRSSO, EREMBIS W RS, 762
WIBIF &7 TAT, RIS B AR AT LUHY B % B 25 40 f 1
TERLS, JEHUMZE A EAE . Yu Y 2 42 d—
Tl 5 PR A 06 T AR IBUBE A, S A
1107 2 AE T A R B R, SRR I 25 )
FEAVE AT . 7ERRT 12 W0 500 7 18T, 3@ ad 4
HFBIG RBCR R A BRES bR, B DUV 7E A 5 1
AT bz A A A8 400 1) FI A 1) )6 & GNNDY
RSN P s 01 L R R AT T, X e 2 ) g
. REREESCUAE R TR RS R T e D2
Wi RS, AT B S B R, R
B0y A 18 W o R o T R

HEAL, STy A 5 25 AU 1 107 P 306 3 —
AR IR BIRATRO S 00T . 2R A 15
SRS FEVATIGE AT, SR B AT AL
Yl AL R, Syt 28 A A4 TR R M 4 P2 1
i, FEBESESLAGAMHT R, TR S5 H T 7 PR G R E ]
ORI RO SCIEE , SEBLIRIG 1 Ak 2047 A0 s

Mo EAYME BT 0, AR A B T R AR A
RGN FITNRE, fa7n APy~ A A AL i A
HE, JERBUHR AT AR, T HESh AR P 15 B
HITRA K JE o

4.2 RFKRE

Rl PRI A A 19 B2 R HE B 5 1 e — > FE
PREAIHLIE (BT G, K A TR 11 A B
DATEATD A B AR R OC R AR, 2 Tt
FAERER R A S —REHESE RS 5%
Ho BRBdmE i U ESI A, BARRES
Y B2 £ B 7R D A [l 1 PR — B AS 6 ) A
5o AR, RS TR] T I DUZ A B A A R O B
HRR DAL, KNI — KRG 2
AT E] o HIER) 4R B AR A DL 2
SENERIE R B, B AE S w3 3h 2 AL S
Sh B SR R P 45 R ) S 2 PR e AR R
BRI, RO AR, =R U TR
Bo MIENIZIRH ZHAL R R R AT 55,
HEZJZ U T FA5 A LUBRAS 30 - 5 A 2R i 1 4]
FoR, TR PR —

5 HiE
Rl 1 54 10 5 2 A 5 12 B 608 S 0

SHARFIR Z (8] 1 56 R ANAE R (5 8, 2 — b i
- 67 -



ESEENATS 2025 46 B

JOURNAL OF MEDICAL INFORMATICS 2025, Vol. 46 ,No. 1

PR AL A o A SO TG 1] (& AT 1o [ P A~ 4
FEH A, PR T ARSCAE R B | A AL A
TERIRIRE, I )98 0 Ji B2 b 2 4 3 07 vk 1) 1o T BIR
FARRMETETT 1) SRS, Bla T RS R R
FIPERITT LR B a5 Bk . B REAL A R A 3 2
RRRERVET. SR, SRR R M AF A EZ
Ab, A REAWIALTIRIHT, LS AF e 55 TRk 1Y
BReA BRI

EBETEL: RER AR Wrmwfr Lk oA, X

BE, FRAFTREIRS; M., TRF AT
AT,

Flaa A PTAMEE 3 B ARG LA S0
S 3k

U Kk, BN E, Bd, 55 B RN T AR
RSB AIIR LR [T ITRHR 5%, 2023,
17 (1). 27 -52.

2 SENH, LEIZ, XU J Y, et al. Answering natural language
questions by subgraph matching over knowledge graphs
[J]. IEEE transactions on knowledge and data engineering,
2018, 30 (5): 824 —837.

3 PALUMBO E, RIZZO G, TRONCY R. Entity2rec: learning
user — item relatedness from knowledge graphs for top —n i-
tem recommendation [ C]. Como: The Eleventh ACM Con-
ference on Recommender Systems, 2017.

4 CORCOGLIONITI F, DRAGONI M, ROSPOCHER M, et al
Knowledge extraction for information retrieval [ C]. Herak-
lion: The Semantic Web. Latest Advances and New Do-
mains, 13th International Conference, ESWC 2016, 2016.

5 BOLLACKER K, EVANS C, PARITOSH P, et al. Freebase: a
collaboratively created graph database for structuring human
knowledge [C]. Vancouver: The 2008 ACM SIGMOD Interna-
tional Conference on Management of Data, 2008.

6 AUER S, BIZER C, KOBILAROV G,

et al. DBpedia: a

nucleus for a web of open data [ C]. Busan: International
Semantic Web Conference, 2007.

7B, WoNk, SURE, SF . TE IR SR AR
WHoTdkRE [J]. A4k, 2018, 29 (10): 2966 —2994.

8 XigE, EUIAS, VINHE, 45 . HETORUZBEHLIEE IOC R HE
YL (1], HHEHLEAR, 2017, 40 (6) . 1275 - 1290.

9 GALARRAGA L A, TEFLIOUDI C, HOSE K,

- 68 -

et al

10

11

12

13

14

15

16

17

18

19

20

21

AMIE; association rule mining under incomplete evidence in
ontological knowledge bases [ C]. Rio de Janeiro: The
22nd International Conference on World Wide Web, 2013.

BORDES A, USUNIER N, GARCIA - DURAN A, et al.
Translating embeddings for modeling multi — relational data
[J]. Advances in neural information processing systems,
2013, 26 (12) . 2767 —2775.

YANG B, YIH W, HE X, et al. Embedding entities and rela-
tions for learning and inference in knowledge bases [ EB/OL].
[2024 —03 —12]. https; //doi. org/10. 48550/ arXiv. 1412. 6575.

NEELAKANTAN A, ROTH B, MCCALLUM A. Composi-

tional vector space models for knowledge base completion

[EB/OL]. [2024 =03 — 12]. https: //doi. org/10. 48550/
arXiv. 1504. 06662.
XIE R, LIU Z, JIA J, et al. Representation learning of

knowledge graphs with entity descriptions [ C]. New York:
The AAAI Conference on Artificial Intelligence, 2016.

LI Y, TARLOW D, BROCKSCHMIDT M, et al. Gated
graph sequence neural networks [ EB/OL]. [2024 - 03 —
12]. https: //doi. org/10. 48550/ arXiv. 1511. 05493.
SHANG C, TANG Y, HUANG J, et al. End - to — end
structure — aware convolutional networks for knowledge base
completion [ C]. New York: The AAAI Conference on Arti-
ficial Intelligence, 2019.

AP, W, BRfse, AF. BT RS A R E R
gk [J]. HHEPLER SN, 2019, 55 (12): 8
-19, 36.

ALSENTZER E, FINLAYSON S, LI M,

et al. Subgraph

neural networks [ J]. Advances in neural information pro-
cessing systems, 2020, 33 (11). 8017 —8029.
SUN K, JIANG H J, HU Y, et al. Substructure — aware sub-
graph reasoning for inductive relation prediction [ J]. The
journal of supercomputing, 2023, 79 (18); 21008 —21027.
MAI S, ZHENG S, YANG Y, et al. Communicative message
passing for inductive relation reasoning [ C]. New York: The
AAALI Conference on Artificial Intelligence, 2021.
ZHENG S, MAI' S, SUN Y, et al. Subgraph — aware few —
shot inductive link prediction via meta — learning [ J].
IEEE transactions on knowledge and data engineering,
2022, 35 (6): 6512 -6517.
B, SmEsR, EEHE, . MAERSEMRSGHE [T].
HHRYLRGNA, 2023, 32 (8): 1-18.

(G55 92 1)



2025 FEE46 HH1H

JOURNAL OF MEDICAL INFORMATICS 2025, Vol. 46 ,No. 1

30 &5, BEX. mREBEZERMER SR [T K 47 (5): 5-10.

AR T, 2020, 38 (4): 60 -63. 11 TRAA . BETRMIF P 4R T 1) S0 TR R R 55

4 XUERAL, S . BT P OB R 2 ARG R wmEs [, BRI, 2017, 61 (7): 50 -S56.
BREMER L [T]. A feHoR 50, 2021, 40 12 MR FeT2 sk 05 44 2 v B I A Dy vk v )
(8): 52 -56. 7% [D]. Jumt: demrpEZikeE, 2020.

5 HMOWE. BT R OGBSI RGN [D]. 13 BRBLT, XUEH . B TRaii iR SR BE o
T PEAMRY (), 2024. HHRPEIGL RS [J]. deathEEgy, 2023, 42

6 BRiEH. PSRN — A AR RA— (5): 513 -5l6.

R R s EPLE A (1], UL (b A% 14 RF, REI, DGR SUARBHS AR . IR 5 R T
BRI, 2022, 44 (5) . 143 -152. ERPP—HE T LA i S SR 0 o i [J]. e

7T, R, M5, . hEZRIIRS T A HE L, 2016, 35 (3): 32 -41.

WHsE [J]. PIEEEAT, 2014, 11 (15): 120 -123. 15 RS, BIAL . JETFUARFRIS 0 T Ao o R A o A

8 VFlEE, XMW, fle, & . RS EEITRY G EEHT [T]. ZrppEJeak, 2008 (11): 1665 - 1668.
BIPRSM (1], mEp 2, 2017, 42 (18): 16 4557, Hil%, B0, 5. B CEMIECD R A
3633 - 3638. PHE B R Bk 5 e 8lpkae (], BRoefE Bod e

9 B, BEEERE, TRERAR, . FETHUCART S ARIE &, 2024, 45 (3): 89 -95.

R E S AREROR | RIS R EEE [J]. G 17 pSfE, 2300, A8 JETFUARES Y B SO X4

BEAERL R Ak, 2023, 29 (6): 954 -959. MPERARAT AW R ZV S [J]. BRI B
10 W=, mil, =88, 5. PEABWIA SRS %, 2023, 19 (8): 77 -86.

R [J]. hEPEZE BRI, 2023,

( 5 68 1)

22 BT, B, B, 5. G RS based systems, 2022, 250 (8): 1 -13.
RAREERZ T (1], AR S5 %, 2021, 15 27 TERU K, DENIS E, HAMILTON W. Inductive relation pre-
(10): 1870 - 1879. diction by subgraph reasoning [ C]. Virtual: International

23 DIJKSTRA E W. A note on two problems in connexion with Conference on Machine Learning, 2020.
graphs [ EB/OL J. [2024 — 03 - 12 ]. hups: //scholar. 28 HEICYE, PMISe, BRBUE . PRI EROI T BUR 5 4 i
google. com/scholar? hl = en&as_sdt =0, 3&q = DIJKSTRA E [J]. HEAMRRE SHEE, 2022, 16 (6): 1193 —1213.

W. A note on two problems in connexion with graphs&btnG =. 29 YUY, HUANG K, ZHANG C, et al. SumGNN; multi -

24 FEWE, B, FBL, % T EER ST B E R typed drug interaction prediction via efficient knowledge
EAZWM [J]. FEB 2 5HER, 2022, 16 (8): graph summarization [J]. Bioinformatics, 2021, 37 (18)
1800 - 1808. 2988 —2995.

25 XU X, FENG W, JIANG Y, et al. Dynamically pruned 30 FRAEAH, $4L3%, #UBH:. 35F RED - GNN (4 & &
message passing networks for large — scale knowledge graph IR M AR B HE R [T MR T, 2023, 22
reasoning [ EB/OL]. [2024 —03 - 12]. https: //doi. org (3): 112-117.

/10. 48550/ arXiv. 1909. 11334. 31 ZHANG Y, YAO Q. Knowledge graph reasoning with relational

26 MAIS, ZHENG S, YANG Y, et al. Dynamic graph dropout digraph [C]. Virtual; The ACM Web Conference, 2022.

for subgraph — based relation prediction [J]. Knowledge —

.92 .



