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Abstract

In the current era of the rapid development of artificial intelligence technology, the data in the med-
ical field exhibit characteristics of multimodality, high-dimensionality, and complex correlations.
Traditional machine learning methods face numerous difficulties when dealing with this non-Eu-
clidean structured data. As an emerging deep-learning model, Graph Neural Networks (GNNs) can
efficiently process graph-structured data and obtain deep-level features. Application scenarios in
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the medical field, such as protein-protein interaction networks, gene regulatory networks, etc., are
naturally compatible with graph structures. This has made the application of GNN models in medi-
cal data analysis a hot topic in the interdisciplinary research of artificial intelligence and medicine.
This paper deeply analyzes the applications of GNN models in medical field data in recent years. It
not only elaborates on their basic principles and model architectures but also, from multiple dimen-
sions including brain network analysis, disease diagnosis and prediction, drug discovery and inter-
action prediction, and model interpretability, conducts detailed interpretations and in-depth anal-
yses of relevant research, and explores future development directions and challenges. The aim is to
provide a comprehensive and systematic reference for researchers in both the medical and artificial
intelligence fields, and to facilitate the more extensive and in-depth application and development
of GNN models in the medical field.
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1. 518

PEZE 2800, B (1 2R VAR INAE 2 AAS . 4RSS DL N E I SRERTE, AL SR 38 2 ) JTVEAE AL 3
IXEE RN L AT 250 BB I T I S BRI PR . P 22 X 4% (Graph Neural Networks, GNNs){E A — 3T
IR FE 5 Y, RRAE A R AL B B A5 R, I I 2 ) BTR 2 IR AR R 7R [1] [2] 0 BEIERHE R SR
G REOIR V2 N, Bltn, P SO BAE M2 JED RS2 L B AL 1 0 2% DA R
WS, AT A RN B S5 R . R, ¥ GNIN RS N F T 5 2 AT 2 A, o T 4Rl N LR B
IR 2238 SURIE TS H A

TEE2AUR, BARRU LR 2R, MMESGRAEIE (W MRIL CT)RIEERA Y, EARAREZUH
FHRAE, BB MM EEREES, HESEFESNRSHER. fll, EMEEBgEd, K
R AT DL B AR R R A ], R R X, AR X 2 [A] (R HE SR BE [3] . TE 25 4
5, 2o T ES R AT ARG A I, T TN 24 A 1 R B IR AR LA P (4] [5]. A5 R 2, 21
275 B PG A T LI E et ) A 4 DX 3] ) 5% 2R SR HEAT 3 1T [6] -

ARG A N U SR T i) 55 2 AT B 1 1 o 426 PO 28 A Y I PR Y 98 3047 4 T PRI A T 9 o FRATDHS 2 A
K GNN BLAYTEEE . MR RAAR Y . IR S5 R S A B A, FERR IR 7t 32 AN 5 ik AT 43 2R 1)
T o AR SN T S MEIA ] 4 20 X 245 1 A Jigt BERRTIASE 28 2 0) i) iR AN [F] GNINASE B P PRt 0 Al A EL A, AR5
S0l G DX % 23 A S T 5 TN L 245400 S 355 A TELA'E FH R0 DA B AR RS T AR 1t S5 5 TR AT TR AR L,
Xof AR G 5 S B 5 kAT 3, AEMCEEAL BRI T — PRI 2 A GNN BRI ZE R AR, JEER I i
TR R PR « ASREIFFE 7 I APkl o SIS AR AT T 5T, S EE Rl Dy 122 2 ARUSURIE 7 8 AN T8 R 4ok
WA ERAE DRGNS, Lk GNN BALE B 2 AT Ak — 2 R AR H

2. ExT1E
Bl o 2 I 25 A 8 | 8 DA, Vs R R R AT AR 2 R R AR, i ] 45 AR 4% (Graph Convolutional
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Networks, GCNs). [&IVE & /1M 4% (Graph Attention Networks, GATs). ¥4 M 4% (Graph Recurrent Networks,
GRNs)%5[2] [7]. X SERHY 7E [ 25 0 $0is AR 7 T R I 1 3 K RE ), IFAE T 2 S0 1 238 R,
AL W2 o3 A HERE R G HORE F A U AEYE BFA5[1]. BB, GNN R 57 3] 18k
RBRZ B IVE,  FFIZE B9 i TR 5 2 i o o R A ) T A

2.1. EEMEEH

PP 28 0 285 (1942 O JEVREL R TE I G540 EIIEAT A5 BAR IR RIS, M 2% 2071 s IR Tl & o AN [RIZR ¥ GNIN
BRAEAS BAE AR AT EAAE, (EHIEARRELL AN . — ) GNN Z a5 DL AP ER.
2.1.1. BB & (Aggregation)

XTI AR 1T 5, GNN AR AL 2 AR AR SB35 (B B RE MBI /2 GNN AL L0,
LR AR BERER A, P8, KM SE. Flin, 78 GCN F, AN & R A HAR R S SF e 2 /D
BCFEIME[L]. GAT WISIN TiEm anLh], ARYEAE T R 5O s AR, T AR B R G 7].

BB AT ROV IRFE S by, HARJE T AR N (V) MR E REOT AR R

he = Aggregate({hu|u c N(v)})

@
£ GCN 1, HERBGEINACEY, BHERRN:
1
e _ = _hWw 1
hV O-{ue%:(v) dvdu ’ ] ( )

b, d, Ad, 2002 Ay FAR R Su BB, W RBUERERE, o RWUER BB ReLU), XFER
TV BRHTRR AL AT S T SRR AR RN 2 o
£ GAT 1, REREETERINME], &L N:

hv”ew=0[ > avuhu] @)

ueN(v)
Horr, oy, AT v AR U Z AR R DA, JE RIS A FE R LR T A

exp ( LeakyReLU (aT [Wh,[wh, ])) .
= ’ZV( )exp(LeakyReLU(aT [Whv||Whu,J)) @
Hea RIEEINERE, FonmEiieE.

P AR 45 (GCIN) 7 Ak 2R (7] PR A4 o 2 300 H 7 R s S8 R R 25, E 1T R0 SR B 90 2R AT 55 Fh R AR
S, JEHCIE P T 09 25 0 oy 193 AT 55 AR X S o PRS00 1) A B A 0 R LS DA B 40 15 R
ML Z R, BRI M4 (GAT)E I 7 & AP L Sh A VAR A0 11 s i B, B A kB 57 o R dle, 7
75 TOUIU R 245 47 0 hSS N rp B LSS E LT B A 2% P 2 v L KOUARE LB 10 97 J M 7% < GraphSAGE
T RFEAL R SR S R R B, & T R S A 2, iR S AN Sy 7 B, (HE R B
HARANFEA B2 22 40 E IR DIZIR . BKTT 5, GCN JEA FIBR B e, GAT 55 B¥E £ Bt
5, 1 GraphSAGE I 538 £ K HIUASE B Bcd, =3 70 [ A A0 0 IS FH 45 VB, 2 391368 P T 65 A A i X 4%

IR R TIN5 24 e I A B RS i P b 3 S b

2.1.2. $HEEF(Update)
REAEEESE, GNN A KR A EIE RS A E SRS B Ailtk, BRI SRR
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o U ECE R AN ARZMEBGE AL B ReLU, BRI AT LAR RN -

mewza(w-m+ > avuhuJ (5)
ueN(v)
H, W BRESEM, o S80ERE, @5 %R ReLU 5 Sigmoid. JEiX% 2 GNN fIHES, F5 Sl LA
A EIERABEME S, A BB AR & E R

Biltn, LSTM 58476 Lb BRI 18] 2 51 5 19X £ Bt i) S8 BILJG M HE (o i X % B0 LA I ek, LSTM
REME A AL 7] b @) BhA B K R ¢ &R, X0 TR B 12 W T 2 ¢ E 2. @i LSTM
A, GNN REMES: > BT s KRR B I (AR A0 AR, MBS T X 57 FoLm) Ay o s 1

FHECZ T, BMEMATE 2 T SR H R IO R E . 2 FRIEIREF O EHESN s T4MUER,
HAT R A 50 AR [ 58, A I A J8 3 0 AT 38045 s REAE (R 167 535, G Akt b TR ST A6
IR FE T BT I TN PR RS o R Rt Ab R SR BB A SR A B YT SSURRAE, (RFE RSB L T T RE 2 T 2 145
F R RS S, DR AE 23 BT 55 P o A S E b A AR

2.1.3. EZRRE 3 (Graph Representation Learning)

FETT AR I I B b, GNN BEAYIE 0] DL 27 ) AN I R ) o BRI 5 =) ) LI I R 15 R

AT AL (pooling) e /E (T34 . S kitAt . SRANIALSE) RSB, an, ~P3itfbidE T LRR A
1

he =VZN

veV (6)

Hrp, hg REANEIERR, h 2758 v RREE,
BEAk, fE—L2eT7iEH R, T RLGI N REARTT s s [ 0 25 (GIN) SR 53 I (1R 7R BiE T - GIN R B3]

AR N
Ny
veV (7)
Hrp, MLP RR 2 ZREAESFMLP)YERAE, Wk 1 s — A HA — R REUZRSL5], T30 KRR
e 2.

Rz

Figure 1. Schematic diagram of neural network (One hidden layer)

Bl 1. #EMEREE(—RRER)
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22. EFEHIELE

e GNN RN T B 22U, 1550 e B S IE I B 2 B e . B BBl A e O SR T 2 4
BT BRI B s R A 2

2.2.1. RMLEE

TERPEEFAAR S b, i ) 265 P ot i DU PR 2 2 PR B T2 5 3] [8] 0 i X 285 Pl ) 1 s i s AR R [X, 324K
TR 2 B ) o FEHEI E SR LA T A [E (& S HR A%, W RERAEIR B (FMRI) H F T RE 4% . 25
P REFEHR A% (SMRI) T f 235 ) 2432 DA K% ki HEL P (EE G/ T PR (MEG) v ) b A BG4 42 . o 3 ] DL
MM et BAE &bk &k,

222. FH

SFEIZ R T AR Ko T A FE[9] [10]. 7R TR, A A ARER S T IR A R
— AT, BNAARE T Z R T A EES IR 25970 1 B A T UL ) TR
SEIRRG, WREHFERAEER, R TR B, s, DBV ThEE, IS
Py ZARGE A REI5E . i GNN 12701 B LA, B 708 v LUE AF st BE A 7)1 Z MR AR T, N 2h
Phiscit 250 ik UL B LB A IE TE SR oA I S o

2.2.3. FiREE

= SRR B RE AR Ny — R S AR RN R R ik, T2 B F 45 B & R BT 45 (5] [11]. 7
P2 AR Bt v, 9 ASOE H ARR S AR I S P Sk, g 290, EDR REREE, T R R IX
SR Z R Z R R, GIUnBIR - BRI KB 259 - B IIRIT R R REIR - BRI R %, B
FHEFHEAOHREE, MR EE AR B A0 7R e B 324 T 3R K TR, A3 I R sk A0
ANV YR TT 7 ZE 1 5 AR 19 5 Rk 2 A v R

3. MM S SR RmISH

IR ZE AT /2 GNIN AR [ 22 AN FH AR R T 22— o i R0 286 PRI RE s A 0t ol e R ) 2
A, GNIN R U E % SN 00 2 P v 2 33 B F T4 50 12 W AT LA g AT PRS2 CRFAE [3] o

3.1. ET GNN BUBRME &R 5 2

ZRAPIR,  UNF IR P BRI (Alzheimer’s Disease, AD).  MH 4 7% % (Parkinson’s Disease, PD). [ [4]
JiEE i 22 % A5 (Autism Spectrum Disorder, ASD)%, #5-5 fidi I 2% Th it 7 45 %3] [8]-

GNN BLHY ] DL T2 ST 03 RH O PR i o9 288 AR AE - S S04 PR 23 A2 T o T s 5080 )1 2 0T 5 % 1)
FORIZHTE S, MR X — AR KK AR, Luo [8142H T —FhIE T 51K 218 5] S 10 m] il i 7
P4 22 X 4% (Knowledge Distillation Guided Interpretable Brain Subgraph Neural Networks). 1% 75 & isi f 22
SRR A R S5 A R, R IR 2R R, K TN SR BT A (1) N 7 21 - B 22 I 2%
AT 5 H 3 AR R N i P 2 ) P 5 3 Pl ok ) 31 e~ ] i i R 2 AR S PR i DX R S 5 T e
B o %7 RAEI 4 A%05 (PD) AV B /1 i 2 S5 (ADHD) ) fMRI B35 55 _E B 140 T Ho i 1 20 4t
TR E T HERA A, IF Bt IR A 5 B2 A AL — B AT AR A SR .

B B3R 49 2% (Graph Convolutional Neural Network, GCN)R T 45 kA (10 T) 1% 8% 28 B0 1) o i
A1 2] 2 — T 5] AR, 128 oAl A R B B R I 2% DG_ConvoNet X IES 10T /& 454
AT 7 AT o SLIR 25 R, AR RYLE o T3 Ror 7 T A 1 e (R HE A 22.(96%) , R 5 (80%)
FVRE 51 (73%) . IXLERFFER BT, GNN B GEGE AT RO R F G 190 2 B 254005 2., 27 0 003 AH O (R R AIE

DOI: 10.12677/0rf.2025.152072 158 BE 51


https://doi.org/10.12677/orf.2025.152072

R

TR, RPN 7 RAE 5 RIS R PERE -
3.2. ETREMAEENRMNEEE

G2 119 106 X 284 17F 9K 22 SR P T S ) T 1) RS AR, 2286 1 e B (1 7 Il MR R P 6 R o AR, oG
bR FRAE RN, BlUsh 2GS fEm RE T M. thah, X AR A B R R, Bl A
i 1X By 7] 2 5 FE A A T g

SRR ST M 20 e G O 285 1 52 2 1, IF 9 T G 23R8 FH A Bl (hypergraph) AT [ 1€ (directed graph) sk
AR R 2% o AT LA R T s 2 R DGR, A B T AR R IER M 7 . GNN BLALU AT LAy JE 31
R PR el B, AT A B A % 114 i DX 6 5 4

R AN 1) B SR ok GNINZE Jili 9 45 23 A7 77 1) ) — AN R B R R a3, b T =M B4k, & 2 pr

s

BRELSE TBEE

Figure 2. Three different types of graph structure
2. =M ERESEHEAR

ERR R T PR 1 PR GNINASERL 7 J 19X 2% 93 A o R 82 RSB ARG B, (EREE BT FERIR N, A
(R IR TR 2 A SRS G AR I X 2% S A AT 0 A b A4 BB . BN, S AR SER 15 RURFAE T GNN A
[A], Hodge-GNN [13]7# 1] Hodge i3 i i 55054 ik 0 2% S N B A S A ik, T4 S SR U 440
FNRFAE . 1ZTVERES A RAC BN X 1A A R RS H., FFAE TR S BRI A 28515 2 (B L (ADNI Bdl 5 L
THA 1 GNN ME 73367715, UEM T AR 73 oh 3

[FIREHL, FE[LA]AIWE T, T S it Gols B R RE e i MA KR KRB, SR 8 T — Ak Tl
STRREAA R TG X 28 73 7 i 2T REESE S, BRSO I 7 S POmARSC RNGIX, I i
B L AU S 1IN X R DO REVEIR &R, IR IR 1 PORAESRIGH BUS TR FF RIS R .

Table 1. Classification effects of several comparison methods on COBRE

& 1. JLM3IEL 7554 7E COBRE #iiEsE R 2R

Jiik TP KL (%) REE (%) 5 2 (%) AUC

2H lasso 75.1 73.2 77.0 76
A 71.7 66.2 77.0 0.71
DRI lasso 78.6 73.2 83.7 0.79
S CIBUE 73.8 70.4 77.0 0.74
[14] 92.0 81.7 83.8 0.89

4. HERCETS TN

W 1 I 1R 2 20 B, GNIN S 2R A At % 2 U 0 0 12 W 5 T 77 it f B 9 70 B4, GNIN s
RURT DA T B R I Bt AT A B0t 0 A DA S B AR S DR A i o, TS BB v f . B 4T )
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PRI 2 W AT S T
4.1. EF GNN HiRIBE & ST

995 2L PSR 2 A 2 s B 2 A 1) B B BB o A e PR B AR o AT 2 AR T B I A 1 T B W %
iz, FEt B 552 EVE 220 . GNN A a] DL T 2 G 1 B 3h A, B anfiidig 0 #1040k
W PRI, AT B e s B2 T ) R AT HE A -

Amendola [6]55 AHFFE 1 GNN FLRLAE i fird 73 51 b A RUEAE W] B . iZ 0 ST ELEL T 240 GNN 42
P LE MR Brb 988 7 BAE 55 Hh PR RS, JF R GNNExplainer J7E 3w 1 BB R Al Rk . St st &9, GNN
PR o 98 1 5 T BUAS T RSB 45 5, I FLiB it GNNExplainer AT LA SE 4 H BE AR R f) vk S 7 o bk
&b, GraphGONet [15]#5 3£ K A 14 1& (Gene Ontology, GO) I N\ 2 #1228 W 4% [ bl 2, BN ek
— NI, G5 A I SRR R IA TE RN AR JE A 2 J0 K15 S . GraphGONet 783 R4 Fi Jy ik 2] 7 581
AR R AERZE, JF FLRERS B 3 A B AP R 2 R ) P R PR AR RS, A BN T RAE R F 5t
i 1Z T H.

IXERIF LR, GNN AL 7E 5 3 BEAR 3 bir R 2 280 T g T AT e84 o 3 3 g 2 s 4 4 ) sl o ) A
PSR S, GNIN B R DA R 2 15 BRRRAE R AR 02 U, BT 88 o 2 05 122 DR R 000 P 4 i 1k A
AR o

4.2. BT ZEZS GNN AU TG

B A Bl 2 2 A1, I B T RE RN A S R e e . R . IR S .
PR I B AR AT M DA AT S OB I R 2k, T 2 A it o vl DLBR I R o . SRR A5 2
GNN A AT LR F 2 AR AS PR 2 R b 7, AT S I SRS 1 A8 T, 4 2 T 22 AN BB 1 5
ROFEATRRAENS 55, W0 3 B

0,
D

HERE Bt SEERE FHAEERA SIESIIT NFES

Figure 3. Multimodal GNN model architecture
[E 3. ZHEAS GNN #REIZeH

HAT. M GNN R Uk R AR AL B B, (IO LRI T BAFIR RIS . ditn, &
IO i 1 24 Pl 5 PRI O RS S SR S, MR Z S B A2, T A 2 S
FO S50 I RO 2 8L
5. SIS HYIEEIERTUN

LRI — N . RARIERE . AARAYRITNERFERT, RORL. NTEEERA,
Ho GNN #E8Y, SHZGW R Bk T B LS . GNN BEAY AT LR T 2P0 48 sl B0 . 259 Tl . 24
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W4T A DA% 25 0HE AR F TR 3R, T ISR 254 R DR, AR Ak .
5.1. EF GNN B Z540%8 s 3= F0 700

ZPRE fSE AN ) (Drug-Target Affinity, DTA) T 25 KL RBED R —, BEMNZ 0 T5
SR AZ MG T, 50 DTA B 7k ZARF5080, poAR @ HFER . GNN AR n] LR FH
DTA (TR TRI, Wi 254 i i AR A I 72

FE T B 22 R 2% AN Rl U ) DTA F3 J772: DGraphDTA [9]2 — MR s A i 77 o 1% 7 VER I 259
AT MEERSTRIEEEE, SR EAY) 5 BIRE A 5T E. 8 AT B e T &
T 775, R ARAE B U5 5 A0 TN L A5 MR R . SRS, I GNIN LAY 2% 3] 25 4y T R AU 7 7 IR
AR, JFEAT DTA Tl fEREHESRAR LS st R W, DGraphDTA Ji ik B A BRI EFEIEFZ
Al

Li [10]/™4H 1 DGL-LifeSci, —ANFFURI T4 b s B R 52 2% 21 1) T2 A . DGL-LifeSci T
Deep Graph Library (DGL). RDKit £ PyTorch #%, #2417 H T 707 PRIl . S ST A o514 i)
GNN MERUFI T H, FE3CREH T B AR, seit st J3R 8, DGL-LifeSci 78411 i Tl 4T 55
RS T SOA SR S E R R MR, HHEAR SRR

GNN RS BES A A FH 259 5y F AR B AN SR R, o145 - S s EAR R AR, IfFE
DTA TRIMAT55 B R A7 1 1 RE

5.2. #F GNN p9Z54948 B 4 F Fasl

245YAH H.AE FH (Drug-Drug Interaction, DDI) Tl »& 2444 4 VA 2501 EAG 1 B 2 pliil . 2 M2l
YA AT AT Re = A A A TR, il o b [RIVE A 5 B/ H B EIE H - GNN B2 n] LR T DDI
TOO, - AT S B e AR RN 25 M PPAl 25 065 FH 25 )RR, 48 R IR 24

XFT A EAE TN, Y. Zhang [4]%8 A3 T EmerGNN, — FhJk T I 1) I H 28 X 4%
EmerGNN F|H AP 85 5, @i < migt, EFER, HBEEG®RE Lt
YIRS, 22 ) 3R R A1 i . EmerGNIN 7237 2% 250 AH B AE FH TN 75 T H AR 1 LRI A J7 32 58 = 1)
HERR, JF HRERE R A P s 2 N 28 T A DG A5 8 o 81 G 35 T 12 25 e R BT 1) Pl o 28 Y 28 AL 7R MK -
GNN[11], HTZMAE T . MK-GNN B 825 155 P (5 BANEE 2 AR B & B g, )
FHSC8 AR 2 I 28 5 2] 233, T SEIRZG 2 & Tl . s 45 R B, MK-GNN B TE 2420
A TRINAE 55 o IS T AL T A FE R 1 1 e

GNN LAY LE DD Fi A 245 ) 28 & P 77 1hn A 35 o a4y e 240 k1R T e 24 W R ELAE I %,
GNN B ] DA R0 5 ST 250 A1 AR B, DT 15 24900 22 2 1 R0 A 200V DAl PR R e 2 R 8 2

6. HIEERISH STAMEI GNN RE 52K A8 813

GNN AL SR BETH AT AR /2 GNIN A2 = 22 UM T A B AT FL 7 ). AR GNIN 2R 1
TAFE R BEAEIEAE S . BRI AT AR T B2 N o0 2, RENS S Bh R A ANt 7 N 0 B AR AR AR
IR FOE AL, G BRI PR {5 A 2 Al PR IS FH A7

6.1. GNN 5B 304461 #r

CA ) GNN FAI4EH), 1 GCN. GAT. GraphSAGE %5, 7EIE 245U L4 BUAS 1 — % N BUR «
SR, B2 R00E 1R A 2 B, 6T GNIN R B0 R B Y 7 B i () 2SR o DRy 7 B8 40 3 7 25 2 ATk P oz
FTER, T EARWTEET GNN REAY 4L 1 37
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Gaggion [16]%5 N #&tH | HybridGNet, —FR & EI#h2 b 2% 5244, H T2 2% E1E 73 % . HybridGNet &5
BT B R 25 (CNNs) R B R0 28 9 4% (GCNNS) FIATE £, F T CNINs #E 4T B HREE 4 A , F1IF GCNINs
A A 25 A ) 5 B R R . HybridGNet IS H2 H 7 — R it UG 2 B Bk E B2 2, FoVE 3 S8R AN
CNN B[] GCNN Ht, MTi$Em 7 o EkE . L3 gh R, HybridGNet 7655 X 5 26 & 1 gl o
FES, fEOUE RS A EGEPE E RA BRERMERI A 50T, R AR i) B &3 E3las R, T HiAth
B FAR R bR (R

JUMRTER P 2% ST HEZR B R T 172 BRI L) CNIN 224 [1] . IZAESE R TR -A 88 CNNs, &
R SPRRANALE BT SR E REIE . WEFUR B, SR 32 I & PP AERR ) LA CNIN 7B T LG AL
NZAE SR R 8 S o i TVETE B IR 3D TEAR S M BORR AT 25 Hh AR T LARG I 77 . BARIX RS S
KRB, (BHPE T UATR R 2 STHESE N GNIN LR 20Ky 4R AL 1 B JERE AN T 46 5.

Kok, ATUAHE— DR R IS A B SR GNN AR AH, i, B S S R K VR A A
T AR R 2R I B A GNIN ASETRY | A o) 22 A 250095 B A0 ) 2 A7 GNIN 7R 25

6.2. GNN =& AT iR s

= 5 YL SR B v RS P R e AU A, AT, GNIN S A A 22 2 U8 (1) S 5 0 20 L £ R I W] R A2k o
TR F A AR 1k R 5 B IR A PR AR TR ) TRSRARE , BRI B SV, IR IR R BRI

TE v g 2> ERF 70, Amendola [6]F T GNNExplainer 575, #7 7 GNN AL [\ r] fgegedk, Jf
7R T P2g AR PRSI AE . GNNExplainer & —FEAY 5 R, @id ) — A7 BIHERS, Rib IR
ol A 7R TN e B ¥ B 45 A . 5 e [R]IS Bourgeais [15]4% H ) GraphGONet #5571 A & st 2L A H AR
GraphGONet FE R Ik R A A4 RN B BH 22 W 2 o, B AP T AR — N AR, ST (10 Fol &5 1
AT CAE R [ AP e, AT SR A4t B T AR 1) A 4 2 e

GNN Ry o] R PR SO 7R BRI A L S Aok, BT ERRE THER VU] 585
> I SRHEWT S 7R GNIN TRRREVERER, JRK S H T 12, PG Bl 2590 R ILSEAT 55, Ml
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