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Abstract: Whole slide imaging (WSI) is the main basis for cancer diagnosis and prognosis, characterized by its
large size, complex spatial relationships, and diverse styles. Due to its lack of detailed annotations, traditional
computational pathology methods are difficult to handle WSI tasks. To address these challenges, this paper
proposes a WSI survival prediction model based on graph neural networks, BC-GraphSurv. Specifically, we use
transfer learning pre-training to extract features containing spatial relationship information and construct the
pathological relationship topology of WSI. Then, the two branch structures of the improved graph attention network
(GAT) and graph convolution network (GCN) are used to predict the extracted features. We combine edge
attributes and global perception modules in GAT, while the GCN branch is used to supplement local details, which
can achieve adaptability to WSI style differences and effectively utilize topological structures to handle spatial
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relationships and distinguish subtle pathological environments. Experimental results on the TCGA-BRCA dataset
demonstrate BC-GraphSurv's effectiveness, achieving a C-index of 0.795—a significant improvement of 0.0409
compared to current state-of-the-art survival prediction models. This underscores its robust efficacy in addressing

WSI challenges in cancer diagnosis and prognosis.
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Fig. 1 Architecture of the BC GraphSurv model mainly including modules such as WSI preprocessing, (a) Feature extraction and graph
structure generation, (b) WA-GAT branch, (c) MP-GCN branches, and (d) Feature fusion
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Fig. 2 Schematic diagram of HF-Net
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Fig. 3 Schematic diagram of WA-GAT

240011-5



M7, 25, Jers TR, 2024, 51(4): 240011

https://doi.org/10.12086/0ee.2024.240011

P R A v 2 AR AN [R] 9 P A T B S Y
FRIEAEI , [R5 IR R 5 A S RORHIE, 5 A
SRR NSRRI, R R i A n] AR

1

1 1
FGCN()/(L),A,@) ZPRELU(E_ZAD 27(“@) s (10)

A=A+I, (1)
Hor, W0 L)Z GON &l iR E; ANIMA T
HER AR, DB AN, ohix
JZ GCN WA= S50, ey, 52 Z 0%
Bz, HI4— MP-GCN #i i B4 AE 8 2 /i A 1Y
i ARFIE AN AR A FRTEAEIEA T GON B2 R 1A,
A Z W T A TR B R BRAR AR, LA A S 22 [
(% GCN R AHE N o HAT AL B R T i 5 i A
HARRIERT AR Ny
,y(i) — qu. (FGCN(’y(k),A,@(ki)) + FGCN(‘}/(O),A,@(Oi))) ,
(12)
Hrp, yORRWIREEIE, ¥R MP-GCN B4R i 4~
HRHIE, 0MFIRIERSE kAR i A Z
GCN WA 2 S8 A58 SO AR B % 1 Ry 45 B
Bt A A ARIE R DEHE, FORR
Yo =y yV Y2 N1y, Yo =R (13)

2.5 fHEREE5E£FTN
WA-GAT 43 33 2 @ 3 38 S 2 07 4 Jmy Ak
) A AR SRR T 2 2R A5 /) A T 4 T R G IR A2, MIP-
GCN 43 33 2ok He T 458 1) R A 7 XA [ EE A B
S HABORNEZ A AN 4TS . X3 SRl S5 T L
SRR XMER, FEEBR G, (X
THAEUR PRy AL B M, A BTt
FOBAE TR, B R AR bR i 9 A A7 TAT:
S A B TR E AL R PR RE
TERHERLG BB, ] o3 20 38 SCRlA 1 7 gk ik —
X R BEA TR SR, D RHETP TR B
B tanh pREL . f KRR /MEIH — AL LA S SRk 4 il
FINERAR, Had K 1(d) . A 215 201
R Y MY Sed A TR Rl G AR Y, BARS R Ny
Y’ = tanh(Y,) ©tanh(Y,), (14)
Hrp: ofURMEBHARE. £2 GNN TEER 4
HPE R, BT GNN Ry s R gl R A H
AR R BE RTERT, Z2RE TR T B AL AR
W RE B Ak, INITHA5 5 f 2 (Al 22 A
TRBORT, REARAETEW] A 450 22 5 50T RO R R

TEZE S BERET, AT RESE AR 5 ST, AR 2EAR
FPRET . WA-GAT 43 30k 355332, MP-GCN 73
SAENBBI Y3, P I SL 2 2 RS I RRE
{6l FHOE S5 B ARLHE B A 43 SO N A RRIEARSRE, Tl LA X
N REIEAS B — e PR sk, REAE T A7 b PR BA 5 45
ZIEIWZESE . #EY, MYt i K/ MEH— et 5
YT RIZ A B, 23— WA BRI TRHE
Ak, AN GHEY,, Rl S e A4
JREE AL ARG Z 800 F1 400 4E A MLP 1F K J db 3,
P AR you . HAIFRTT AR
Y= MY+ oY) + (X)), (15)
You = MLP(GAP(Yy)) , (16)

Hrb R K/ MEIH—1E, ™ FoReRKR
B, E TR X A0 S 2% 45— 2 i 4
AHER R, Al LU A S Mt T 2Rt A2
I TFEAE AR D i SR, A B TR A
BT AIAE B

2.6 MK

TEPEAF U HTIOAE 55 H S I 0 7 2 1)
T, FEH ISR A r S B BT R #9817
RPN e B RO R I 58 1 45 S R0 ] U 4
e, TSRO T 2 2 (Rl P S, IR
FHEAEAE 0 ST ) cox 1V 2 bR B S
PRACRER 2085 IR HO ot /M SRR A Al
R, ELIAY

1Yo == >, 6'y0~log ) &™), (17)

Hr: peRERG—ZHTBHZMESEG 7'y,
PR Y (5 ¢ A R I TIUIRURS: 5 6,02 S8 3 T
RAHE RS, HBEMARNER 0, BN 1; pk
ENIREREUNIVE SECE SN e r NN S AN V)
HIER

3 EXWHERSH

3.1 HIRERBIETALE

TEARWEFEH, 2 H A BC-GraphSurv 7£ 8 iE i K
ZH B3R (the cancer genome atlas, TCGA) 3L
JE B 4E (breast cancer, BRCA) ' 175 HH 41 it 485 B3 41
£E (kidney clear cell carcinoma, KIRC), 47 T ¥
flic BRCA Bidla e R R FLIRE WST ATHEHE 4R,
LR A 1062 08 EH P19 1133 15 WST K&,

240011-6



M7, 25, Jers TR, 2024, 51(4): 240011

https://doi.org/10.12086/0ee.2024.240011

)RR 1.05 GB, KIRC Hdi &M &k B 513 fi
BFERBIR 519 08 WSIF &V 4 kg, SFR
/N 0.85 GB. FIE WSIALHE 4 £, 10 f%5. 20 f5 Al
40 A TUFPTROAR R

FENIESEHCHT L HE-Net 1Y I 2R 85048 4 S FLAR 98
20 2R F 24 B8 %2R (breast cancer histopathological
database, BreaKHis), £ & 3K H 82 {if B & ) 7909
i 700 15 2 x460 132 R K/ LR E R, 7R
PEFDEMEMAD K, BDHRETET 4 /M KIE 84>
NE,

ARSCHERE T WSII 40 f5 R ZHEAT28, fE%
(LH R EE R RIS Bl T, AR TR BE b 22 I 25 (14 1)1
Yro WSIHEAKEMZ AP E 5, A THBRE 5t
4y, (] Otsu B X WST 9 S LA 2L 743
FIAL TR, SRR 40 BORAS AR 2 D) H L 256%256
BEEGS, P S HEBR R NT 75% 1Y
g, it AR 5 A R A LG A L 2 25

EI=N=R
H &0

3.2 st 5REI %k

S v R ] — B8 B! (consistency index, C-
index). 1EN FEZPEMFEH5 N C-index )12 H] T4
S AR h e A R PLA R . A w
B KBS ABLP = {0, 78, PR VR B S LB fE G =
(5,8, Y, C-index (U ARANT

S DIPI (R

i:0;=1 j:r,“<rj'

Horfre MR al O A REAR XTI S, o= BE IR
fenAstt, 1[ « BORHER RS C-index HYHUEE N
0~1, {HBKEWREBAWIIEREML:, Hrb 1%
IRGEATII, 0.5 FoRBALERESER TREALEI, /)
T 0.5 FontERE2E THEML,

S5 i A BE 3R 58 . GPU 4 GeForce RTX
4060 Ti, AbHRES N Intel(R)Core i5-12600KF, NAE N
64 GB, X ff ¥ 55N . CUDA 11.6+Python 3.8.7+
Pytorch 1.11.2, YIZI%E 100 141K, batch size %
H 16, ] AdamW fiAk 287", OneCycleLR™ &k
2 AL E R 0.0001, FHEAE (R 4 L R I kA
(70%), WAFSE (10%), MHEIREE (20%). TESLIRAHIEEL
PR3 1L 5 414, IFdkAT 5 Pr3c LRniE, Bk sE
Lo M o (S s S S s % il | e Sy S T
&, AN E B IR AR 2 S AT 5 RS, C-index

FEE AR HEZE (SD) 1N R G5 R AT HURL

3.3 iHBLSLIE

ST 5 IE Wk AR B A RPE , #E BRCA i
£ F UL . B 5t B HF-Net 5 ResNet50 DL %
EfficientNet-b5 1 J FEAE S I B B T /M 2%, 43531
ATSCEE . SRJGTE BreaKHis 04 4 i)l 2511 HF-Net
YENFIESEEUNZE O FERT [, 390 GAT. GCN., WA-
GAT. MP-GCN D) K I 4#fEfl A (graph fusion, GF) 5
A TR T A C TG . SIS ST L n g 1
N, SCGZEREH] . HF-Net A LT EfficientNet-b5 L
& ResNet50 7E C-index $845 & 73 542+ T 0.0644 Fi
0.0725, HHELT ImageNet (il F] CNN BT MZAH L,
HF-Net 75 %4 38 02 50 0 [ B T B4 (0 45
UEBR T % BRI TIE RS 2 2 n] LIAT B A
RIE-T MR PERE, Fem B EMRAT 55 h A PEREAL T
FHMI%

A1 BAERIRM & gk AT

Table 1 Comparison of experimental results of feature extraction

network
C-index SD Parameters/MB
ResNet50 0.7225 0.011 97.49
EfficientNet-b5 0.7306 0.022 115.93
HF-Net 0.7950 0.013 113.72

TH Al S ZE AR bRXT e in e 2 Frow, PTLUE
7E C-index #§ #% T, MP-GCN #l WA-GAT 7£ GCN
F1 GAT RN 40518 T 0.0595 i1 0.0336, H#%
B 2SR T LR TE GON i £ R RRAIE 1A BE
J1, HEINIR A JRRRAE AT LA SR T GAT ASERL A fif
T 2E IR ), XTI AT (4 Pk BB T DTk R .
WAGAT+MPGCN RU53 32 25 K4 AH = B0 o 45 53 1) 12
F+T 0.0068 F1 0.0098, 4 Jin il A A GF J5 &+ T
0.004, i5d B BLA3 S fil A A T LU AT R THASE TR 1) T

& 2 HRRFEISE R

Table 2 Comparison of ablation experiment results

WA-GAT MP-GCN GAT GCN GF C-index SD
J 0.7506  0.021
R 0.7217  0.019
V 0.7842  0.007
V 0.7812  0.008
V V 0.7910  0.003
V V N 0.7950  0.013
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MYERE . RS T A BHURI > SRR C-index 15 )
0.7950, Ui 1 HRchf A PSR o

3.4 FttbsLis

T Y UEA SCHE H ) BC-GraphSury A5 8 78 A 17
TR S5 T AR, A SCERE T LR A A7 T
FRIAE BRCA B8 Al KIRC $d 8 047X LAk,
A9 h 3 )2 ) MLP 3 7E W 4% . Attention-MIL"™
WSISA™, J& F GNN ) DeepGraphSurv''”, Patch
GCN™ | H-MIL"", Tea-Graph™, HEAT", DI J%3E
F Transfomer [ MIL-Transformer™” 1 SurvTRACE"",
JIF A AR 34 5% 4k BreaKHis B4 46 #3125 19 HE-
Net #:47 WSI UGB B RHESE L

5T GNN S CNN SERE 0L, Segessiian
F3PIR. HLRERATLIEL, 3T GNN R L
(DeepGraphSurv!'”, Patch GCN"', H>-MIL"", Tea-
Graph™, HEAT", BC-GraphSurv) ¥ i& I T % F
CNN [543 (WSISA™) FIdk F 138 S 2 52 )24 )
A (Attention-MIL™™), & B 1| Fi /&1 45 #49 ] L4 3¢
WSI HRIME B, S B Eae. ok, 5IA
R JIHLEHI AT LS B R A 22 2] 8 77, Attention-
MIL™ 3F [ 8 WU AT 2 52 >, C-index
FHEE MLP M 2% 76 7 4~ 204 48 42 7 1 0.0915 F
0.0728; X T 11 & /71 #9 GAT Tl £ 8 Tea-Graph™
f) C-index #H % T 3£ T GCN f#J DeepGraphSurv''” #l
Patch GCN'"' 7E BRCA % % 4 I 43 %Il & 0.0139 #il
0.0027, 7E KIRC ¥4 % 4351 %55 0.0164 F1 0.0334,
B TR i 4 s 3T A I A9 309k HP-MIL™ A
HEATY ) C-index 434 0.7338 i1 0.7529., A& &
EAE GAT W 3ERE b3 — 29 K T FE R A 1a BB AE

%3 TR AEEa iR 1

Table 3 First comparison experiments of different methods

BRCA KIRC
Method

C-index SD C-index SD
MLP 06176 0.027 05862 0.019
Attention-MIL*¥ (2018) 0.7091 0.052  0.6590 0.044
WSISA® (2017) 0.6802 0.083  0.6151 0.057
DeepGraphSurv!'? (2018)  0.7402 0.012  0.6945 0.045
Patch GCN'™ (2021) 0.7514 0.036  0.6775 0.067
H2-MIL®" (2022) 0.7338 0.055  0.6915 0.024
Tea-Graph® (2022) 0.7541  0.021 0.7109  0.023
HEAT® (2023) 0.7529 0.009 07011 0.018
BC-GraphSurv 0.7950 0.013  0.7458 0.020

X, JF5 GON g (s Bab sl &, i seitn
Ak TR T 0.0409, 7E AN FOHE A 4 B EUE T
0.7950 1 0.7458 MG R

53T Transformer AT H IS 25 R A0EE 4 P,
MIL-Transformer”” &3 T Transformer X} 3% FE B4 B
L 2 8 1 = o0 0 o 1= R S T e M o
X T MLP JEAER 25 1 C-index 73 32 %5 T 0.0729 Fi
0.078; SurvTRACE"" XHHFAFFR i) Z R 22 %
LZEEHE L, HT Transformer YEATARE B AL AN TR
TEM B4 ERY C-index 43314 0.7382 Fi 0.6974,
AR SR AR N e = E 2 TH T 0.0568, UiEH LT GNN
() 75 AR AL BRI 52 Z i Bt 4L LA T3

A4 TR Fokst ik 2

Table 4 Second comparison experiments of different methods

BRCA KIRC
Method
C-index SD C-index SD
MLP 0.6176  0.027  0.5862 0.019
MIL-Transformer® (2021)  0.6905 0.046  0.6642 0.029
SurvTRACE®™ (2022) 0.7382 0.019  0.6974 0.027
BC-GraphSurv 0.7950 0.013  0.7458 0.020

3.5 XWHERGHH

T KHIE BC-GraphSurv XU X 536871, # BC-
GraphSurv 5 JLFP 4 H A9 A AR ZE TCGA-BRCA %4
Pt DA TAEAF O SC 00 . AR AR A (1 T DX
(H R/ INEEFURE AT 3 i s e AR fa i 2, S8t log-
rank AU SR BIE AR [RIBL RS (4 43 Z VR BE, (2R
it Kaplan-Meier (KM) i1, H& a2l f a4 2z [\
FTRIEE AR S . P )N, DA IR S0 %) 5 s 2E A
G R E AR 2 IR, X R AU X 43 11
PEREBGS, SCRRZETRNE 4 FR

AL, BC-GraphSurv i KM ik s fa. 4
AR SEA e B E WX, DR/ PAE, BB
FEM X BB SR, A E T H AR R A 5
A AT R, IE B2 B AR X R R XL
e Lk Re sk

BEAh, FERRERAEA AT, BEAS DX o0t s 11 2
IS0 S P KRS (DT Bty BSR4 R
FTFHEBIIGRALR,, Pzl . 187 %, A
LT AR AT AS R 20, L B g PR A4 7
MR EE . R AR SC ek i 19 591G {5 B ]
MALBE R 9 S AR I A A BT, (i ] A
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Fig. 4 Comparison of KM curves and P-values of several commonly used methods
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Graph neural network-based WSI cancer survival
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The model architecture proposed in this article mainly includes modules such as WSI preprocessing,
(a) feature extraction and graph generation, (b) WA-GAT layers, (c) MP-GCN layers, and (d) graph fusion

Overview: In this study, we present BC-GraphSurv, an innovative model for breast cancer survival prediction utilizing
Whole Slide Imaging (WSI). Given the challenges of large size, complex spatial relationships, and diverse styles in WSIs,
BC-GraphSurv addresses these issues through a novel approach that integrates transfer learning and feature extraction
using the HF-Net. The model consists of four steps: transfer learning with HF-Net, compression and fusion of similar
features, construction of graph structure features, and learning with WA-GAT and MP-GCN. The model commences
with a transfer learning pre-training strategy, utilizing HF-Net to construct the pathological relationship topology of
WSIs. This strategy facilitates the effective extraction of features and spatial relationship information. HF-Net, trained
on a breast cancer tumor classification dataset, is crucial for adapting a general backbone network to the complexity of
tumor structures and tissue texture features. This network reduces noise in non-cancerous regions and enhances
differentiation between cancerous and non-cancerous areas. The feature extraction network, combining Convolutional
Neural Networks (CNN) and self-attention mechanisms, benefits from transfer learning to enhance pathology feature
recognition via a feature transfer module. This module, coupled with spatial correlation and semantic similarity
integration, enables compressed graph modeling and extraction of crucial contextual features for survival prediction. To
overcome specific challenges in WSI tasks, BC-GraphSurv introduces improvements to the Graph Attention Network
(GAT) in the form of the Whole Association Graph Attention Network (WA-GAT). This prediction branch employs
cross-attention on node and edge features, a global perception module, and a Dense Graph Convolutional Network
(GCN) for fine-grained details. The integration of WA-GAT and GCN enhances the model's adaptability to diverse WSI
styles and spatial differences, effectively processing spatial information and improving analytical capabilities.
Experimental validation involves ablation experiments assessing the impact of different modules and improvements.
Comparative experiments with various models and visual analyses confirm the effectiveness of BC-GraphSurv. In
conclusion, BC-GraphSurv provides a comprehensive solution for breast cancer survival prediction using WSIs.
Experimental results on the TCGA-BRCA dataset showcase its effectiveness, with a consistency index of 0.795,
surpassing current state-of-the-art models. The model's innovations effectively tackle the challenges inherent in WSI
survival prediction, demonstrating robustness and superiority.

Ye S J, Wang Y X. Graph neural network-based WSI cancer survival prediction method[J]. Opto-Electron Eng, 2024,
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