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ticularly in colorectal and gastric cancers. With the widespread application of digital pathology, whole slide image (WSI)
have become an important data source for MSI prediction. However, automatically predicting MSI from WSIs remains chal-
lenging due to their gigapixel scale, insufficient supervised information at the slice level, and considerable heterogeneity in
histopathological tissue structures. Most existing methods rely on multiple instance learning strategies, processing WSIs by
segmenting them into isolated image patches and aggregating block-level predictions using pooling strategies. While this
approach is effective to some extent, it inherently ignores the spatial and semantic dependencies between tissue regions,
leading to poor representation learning performance. Furthermore, pathological diagnosis is inherently a multiscale pro-
cess, requiring joint reasoning about global tissue structure and local cell morphology. Many current methods either operate
at only a single magnification or employ coarse and nonadaptive multiscale fusion strategies, limiting their ability to capture
complementary information across scales. Therefore, this work aims to develop a weakly supervised WSI modeling frame-
work that explicitly captures structural relationships between patches while effectively integrating complementary informa-
tion across multiple magnification scales to achieve reliable MSI classification. Method To achieve this goal, this research
proposes a graph edge-attribute attentional multiscale fusion network (GEAMF). In GEAMF, each WSI is represented as a
graph, where image patches correspond to nodes, and interpatch relationships are modeled as edges. First, this study
designs a graph construct module (GC-M) that combines constraints on semantic similarity and spatial proximity to establish
reliable structural connections between image patches. Specifically, cosine similarity can effectively measure semantic
alignment in a high-dimensional feature space, but it can introduce nonphysical long-range edges in heterogeneous WSI.
These connections propagate irrelevant contextual information to distant tissue regions. To address this limitation, we intro-
duce Euclidean distance as a spatial constraint to reweight semantic similarity, thereby achieving locally perceptive edge
modeling. This design explicitly balances semantic consistency and spatial coherence, achieving graph modeling that is
locally perceptive and structurally meaningful. On the basis of this graph representation, this study proposes a graph edge-
attribute attention module (GEA-M) to perform structure-aware message passing. In contrast to traditional graph attention
mechanisms that only utilize node features, GEA-M explicitly incorporates edge attributes into the attention computation.
This design allows the model to adjust the information propagation intensity dynamically on the basis of the discriminative
importance of different structural relationships, suppressing noisy or irrelevant connections while emphasizing diagnosti-
cally remarkable interactions between tissue regions. To address the inherent multiscale nature of pathological diagnosis
further, GEAMF employs a dual architecture, independently processing WSI at two magnification levels. Each branch
learns a graph-level representation for its specific scale, capturing either global organizational structure or fine-grained cell
morphology. To integrate these heterogeneous representations adaptively, this work further designs a scale-aware gated
ResMLP module (SGRes-M). This module introduces learnable scale-aware gating, dynamically reweighting the magnifi-
cation contribution of each sample, and then uses a residual multilayer perceptron to model higher-order interactions
between scales while preserving scale-specific discriminative cues. Result This study systematically evaluates the proposed
GEAMF model on several publicly available WSI benchmark datasets. The TCGA_CRC and TCGA_STAD datasets were
used to evaluate the model’s performance on the MSI classification task , while the Camelyon16 dataset was used to test the
model’s generalization ability in different pathological task scenarios. On the TCGA_CRC dataset, GEAMF achieved Acc,
AUC, and F1 of 0.945, 0. 835, and 0. 887. On the TCGA_STAD dataset, the model achieved Acc, AUC, and F1 of
0.924, 0.829, and 0.897, respectively. Furthermore, GEAMF also achieved good performance on the Camelyonl6
lymph node metastasis detection dataset, with Acc, AUC and F1 of 0. 907, 0. 877 and 0. 848, validating broad generaliza-
tion on different tasks. Compared with various existing WSI classification methods, the proposed model demonstrates more
stable and superior overall performance across different datasets and task settings. To validate the rationality of each mod-
ule design further, this study systematically analyzes the impact of the proposed modules on model performance through
ablation experiments. Furthermore, this study improves the model’ s interpretability from two levels: t-SNE and attention
heatmaps. Conclusion This study proposes a novel weakly supervised framework, GEAMF for WSI classification, which
explicitly integrates graph-based structural modeling and adaptive multiscale fusion. By introducing an edge-attribute-
aware attention mechanism and scale-aware gated residual fusion, GEAMF effectively captures intrascale structural depen-

dencies and cross-scale complementary information. Experimental results on the MSI benchmark datasets demonstrate that
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explicitly modeling the structural relationships between image patches and combining them with multiscale representations

remarkably improves classification performance, validating the effectiveness of introducing structure-aware and scale-aware

inductive bias into WSI analysis. Furthermore, GEAMF exhibits stable performance in the Camelyon16 lymph node metas-

tasis detection task, further illustrating the framework’ s generalization ability across different pathological tasks. This

framework provides a general and scalable paradigm for graph-based multiscale modeling in computational pathology and

has potential applications in various histopathological prediction tasks.

Key words: whole slide image (WSI) ; multiple instance learning (MIL) ; graph neural network (GNN) ; multi-scale fea-

ture fusion; residual multilayer perceptron (ResMLP)
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Fig. 1

Comparison of different methods for WSI analysis ((a) WSI preprocessing; (b) traditional deep learning methods;

(¢) multiple instance learning methods; (d) graph-based modeling methods )
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JUBEAR BB X 55 SR80 B AR
WL CEA-M B 515 2 (A5 38T iy K 9%
FRAE R 8 N &) e R, B A5 R HAFAE R R H
x; € R BIBBIRRIFEALE 2 (R B A
HA 7% 25 5P, SCRes-M 1 65 | A RS B ] 4
BLA 0 > ROBE Y I 9 Re Ak AT B 3 0 B o
FLORH, GHERE s AR (s e {1, 2}), il i — Al 2 )
(4148 eRESCAE I 7 ) ROBE AR, AR
a =o(Wax) (12)
K, W, e RNATZETSH, o (+) FIR sigmoid I
TR o, e (0, 1) 3878 YRTHEARAEIZ RE T 45

(11)

R . T AL (AR REAS AR R A AR
32507 3 8 A i) IR PRI SR AE A il 5 2ok v 1) BTk
FERE . BEJG , %25 RO B QR IR R AT 1T 45 M ), B
U]
%) =a, - xy) (13)
TE 58 IR B I E AR E S5 A R R TR 1Y 1)
P GRS AT P4, JF o A 25k 22 2 )2 IR L
(residual multi-layer perceptron, ResMLP) #E47 504,
HAR
2 = freanr (oo (%' %07)) (14)
P fromr TN TR 22 2 B, 1 2 )2 AL Pk
S5 55k 22 AL, T AR 2 RUBE 5 4 R AR 22 )
B 1 B 38 H. G 2 (Touvron 45 ,2023) o AR 2245 H) ) 5
AA By TAERLG AR v O B 25 RUBE JLan 5 i 4
FaA5 ., TR B 2 fife T 2 A 2 M i T B >R 19 15 B
BB, ResMLP % — J2 40 & — D REAE A — AT
HEWS , WO R 22 TR S8 U A8 4, B4l
By = (Wio,a' ™" + b3 (15)
)= g(W)xl + b))+ %" (16)
A, 1= 1,2,3 R HERZE, Wi, e RO Al
Wi e RS 23 5l R 8 1) 22 2 B AL (multi-
layer perceptron, MLP) 11 [ 2 Fll 4 1 7 2 2] A
FEEE, b, 55 bl XTI ) i B0, g (+) e AR AL
I PR (4 ReLU (vectified linear unit) 3% GELU
(Gaussian error linear unit) ) o 7EA SCELR A By A
JEFRHELEEE R d,, = 2d, TR IR GRS d e, < dio
283 3 )2 ResMLP AL B, AR AR5 J5 (9141 90 e
ik, By

SETANE S

ResMLP x 3

@, =0 (Wxp) —

“““““““““ R

156 [
|
X! N
+ L
i
x@ [
J

)

?ﬂbﬁ]\x(l_“ —_ —

@) EaEH

K3 SGRes-MHEZE R~ =&
Fig. 3 Overview of SGRes-M
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X = 5 (17)
i Bl FRAE x,,,,,, 28 00 4 02 2 e 5 31 28 )

23 (], LI TR AR E MRS R T, 2Ky
y = Wik + by (18)

P, W, e RC“HF1b, e REA TR ZE 28 iU E 40
R Rl 0, C Ay T A 53] P e

2 ZXBERSSW

2.1 XEMESHIEE

AR SC S fE NVIDIA RTX4090 D GPU | fii i
PyTorch HE 42 3 47 Y1l Z& A1 00 i, PyTorch M A<
2. 4. 1+cul 18, EI 2 2% fir fiff FH Y PyTorch Geomet-
ric UAS N 2. 6. 1. 7RI rh  GEA-M FH i) HE
B2 BCR 2, B PR AU GELU, H: 9 Transformer
AVE R ) B 2, TERA B T ResMLP #5141
fii ] LeakyReLU /5 0 i pi %k . ZE VI ZRad Ry, ff
FH AdamW IRALES , BRI IG 2% 2T K K 5. 0 x 107, 4L
FREINRBON 1. 0x107°, Hb i K/NEE Ry 8, St
RS, TE 52 10 Y 25 v 06 E 4 1 M e AT AT
i Rl s 228 1111 2

AR WA () TCGA (the cancer genome
atlas) B4 4 (Kather %5 , 2019) : 45 B M98 (TCGA_
CRC) 1 9% (TCGA_STAD) . TCGA_CRC ¥t ¥4

gt 1790 B 1) H&E (hematoxylin and eosin ) § {0,

I F BG40 35 430 DREAS i 4 B FR T 1)
MSDIRZS , FEAR A M TR AT e (MSD) Al T2 F
7€ (microsatellite stable , MSS) P28, Hir, 78 £y MSI
FEAS, 352 4612l MSSHEAS . TCGA_STAD %45y B
Jigi BB 1) H&E U) i IR A0 5 326 A Hir
6451 MSTHEAS , 262 5] MSS FEAS .

BEAE A 56 T 4 22 R E P o 4 O 4% A5 7 A
A TER BT 55 5 F B2 AL RE T 5 45 b A A fet
P, AR SCE— 25 FE Camelyon16 %5 35 4 (Ehteshami
Bejnordi 45, 2017) b #E4T T 85 4 55 (9 &b 78 S5 5 o
Camelyon16 J&— 1> 12 fdf FH 1Y) WSI 43 B ik o %5 4
£ AT 55 F b Ry 2L Mg i W ok L 5 e R AU, %
WSTHE T IEH 5 I 5558 — 20500 . %8s S 7E
YA 3L T 5 Rk I B B 19 B P e, 76 4t
Wy B AR AT bR 25 L H F 1Al WST 43 2 A 7
HEEZR Y 5T WA AR o R R S B
400 M4 P0 R BEEME, B O RAE T IR S

oy o Ho NSRS A 11 SRBAYEDT R 5 159 3K
R R, MAAE 2L 130 W, 655 53 Ak S B 1
PREES  h T XM E SRR F ], ZE I FRAR rp Al
H Weighted-RandomSampler i#£ 17 N A B HL R AE | 42
e RN D B R R BE o Blode 2R R o A
Kather 55 A (2019)4& i AR 7375 20, Eiodla 42265 58
R 1R

&1 BRE&EENFEIT

Table 1 Dataset category statistics

LG/ S ESH V& el
TCGA_CRC MSI: 78 / MSS: 352
TCGA_STAD MSI: 64 / MSS: 262
Camelyon16 Normal: 240 / Tumor: 160

2.2 fhERR

AR R H UE 8 R (accuracy, Ace) . AUC (area
under curve) Fl F1 708U E A BAIEREPHAE PR . Ace
JH T i B AR S SR M AUC ] TIPA R AL
[ 0 551 (BT B B A BE T L F 1R B8 S A
TR A 5 B R BRI PERE
2.3 XttbsRLE

RICRR T #E TCGA_CRC A TCGA_STAD F 4
B de RS R IS DUT Or ki T 1 R
MMEG T7 8 Mean-Pooling Il Max-Pooling, A } Shen
45 N\ (2023) 42 Hi ) GNN-CNN filt 4 HE42 | DTFD-MIL
(double-tier feature distillation multiple instance
learning) (Zhang 45 2022) . CLAM_SB (clustering—
constrained attention multiple instance learning) (Lu
4,2021) .CLAM_MB(Lu %,2021) . ILRA-MIL(itera-
tive low-rank attention multiple instance learning)
(Xiang I Zhang, 2022) . CAMIL (channel attention-
based multiple instance learning) (Mao 45 2025) .
GAT-Mamba (graph attention network-Mamba) (Ding
4 ,2025) . WiKG (whole slide image is a knowledge
graph) (Li % ,2024 ) Il DGR-MIL(diverse global repre-
sentation multiple instance learning) (Zhu 55 , 2025) .
BT 7 ARk A T AEARIRI BCE T E 5
RIS BTS2 50, 45 R ANE 2 R .

7E TCGA_CRC 44k b, GEAMF 1 3 Wi 45 L
PR AT U rERE , b, Ace MB R LR L T5 1%
& 7+ 6.3%, AUC 4& Tt 1%, F1 $2 J} 0.3%. 1E
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£R2 AFEHEEETCGA_CRC.TCGA_STAD 1 Camelyon16 ##E & F Ay HERE L%
Table 2 Comparisons of model performance on the TCGA_CRC, TCGA_STAD and Camelyon16 datasets

TCGA_STAD Camelyon16

F1 Acc AUC F1 Acc AUC F1

TCGA_CRC
7k

Acc AUC
Mean-Pooling 0.829  0.711
Max-Pooling 0.837  0.783
GNN-CNN fusion(Shen %,2023) 0.829  0.770
DTFD-MIL(Zhang % ,2022) 0.806  0.823
CLAM_SB(Lu%:,2021) 0.861  0.818
CLAM_MB(Lu%,2021) 0.845  0.822
TLRA-MIL(Xiang fil Zhang,2022) 0.830  0.760
CAMIL(Mao %5,2025) 0.826  0.825
GAT-mamba(Ding % ,2025) 0.889  0.823
WiKG(Li%:,2024) 0.870  0.807
DGR-MIL(Zhu%%,2025) 0.852  0.826
GEAMF(A30) 0.945  0.835

0.777 0.847 0.790 0.733  0.811 0.779  0.784
0.804 0.865 0.755 0.707 0.834 0.746  0.754
0.863 0.825 0.818 0.852 0.812 0.769  0.705
0.853 0.816 0.805 0.878 0.821 0.829 0.814
0.762 0.806 0.803 0.707 0.820 0.825  0.775
0.744 0.816 0.810 0.664  0.821 0.831 0.774
0.876  0.837 0.732 0905 0.848 0.826  0.868
0.884 0.677 0.768 0.747 0.869 0.861  0.914
0.862 0.830 0.812 0.847 0.834 0.865 0.832
0.864 0.871 0.808 0.851 0.800 0.847  0.801
0.855 0.841 0.818 0.862 0.845 0.858  0.829
0.887 0924 0.829 0.897 0907 0.877 0.848

T IO AR 7R % 8 R A2 2R

TCGA_STAD (454 I+, GEAMF 7£ Acc il AUC 5 F5
AR TE 6% F1 1. 3%, F1B§ A% T ILRA-MIL, 3X A]
AE5 ILRA-MIL &1 % 5 o 41 2152 24Pk 5 | AR Rk il
YR ANIEAR A Jm i ML, PR B0 32 250 4y
MG . R E— L APA IR A N [R5 BEAT 55 1 5%

(R SE P, AR SCTE Camelyon 16 Tk E2 45 706 B 46 I 547
£ EAT TSR BT 45 X LU SR . SR A R
GEAMF 7£ Acc (0.907) Al AUC (0. 877) b Bt 45 fe
PERE, R AR kL A0 i BN Al RO 25 S 2
) 5 A% A A 55 v A5 L& B 47 1 4 3 i 0 Sz 4k
PEo BRI FLEARIEME T CAMIL, il g5 H%
I IRV )3 3 AR A D B RE A AR R AE
H5EE ) mEALERA K, A, GEAMF 7E Ace 15
b BT OO0 R 3 4 T, A0 SR PR A T 8
FERI S50 A 5 22 ROBE Rl & o BOA SRR T 2800k
FEARRIRAR . HAKT S, GC-M b i A 2R
T —FE 5 2 AR P /D T S X ] A
TCRGEHE ; GEA-M i — D AEIH B AL b ok 78 v fg =
A S0P 00 ) A A i 3, AT 3 T 5 Ml s 7 [
SRR RBURCR . IR AL AR A R 2N
S () MSTAT: 55 R 6% B 2 b IX 43 BL S A 5 3R
Joa kb DX, T8 B AT RER RS A . SR, 2R
JEE PR 25 %) P ) A R R SRR T 1 s i A 1 i 7 )

FRERAE B —BOME | A AT B BRAT 55 5L g6 vh
[FIFEAS LAOREE
2.4 HREREIE
2.4.1 GC-MFEHLHY fh s 56

J T HUE GC-M B A (5] 31 g A 2y = Ox)
A PE BE A 52 ), A SCFE TCGA_CRC . TCGA_STAD
VL K Camelyon16 X 3 IR 4L EiEAT 1M ML SE 5,
FEB T 3 T A% M UE (cos) BRICHEE (eucl) L KX
PERlA (cos + eucl) 3Pl J@ P e 7 =09 43 28%%
ROEMEE R NFE IR BHAOKE , cos FEMITETE
SCARARLPE 7 T R B HE — s R 3, 745 2k 4 1
AUC & T eucl; 1M eucl 76 [ W23 [8] 45 3 PE I 2% R
WU I 7E TCGA_CRC | /Y F1 23 %0k 3] 0. 846,
T coso (H 2 HL Al At FH B 340 77 76 B 32 S AR < cos
ATRET LA T SORE I H 2 (8] 250 19 55 DGR, 3L
JRIEREE R 2 RAN I 5 euc] WU ] BEG: 4 [A] AH A (H 15
TCK 7 M S patch #4558 K & UE B R A . fill
B R (cos + eucl) 78 3TAL 55 T ¥ HUAS U Fe A 45 %
( {5 I TCGA_CRC I+ ik %] Acc = 0.945, AUC =
0.835.F1 =0.887), JF-7E TCGA_STAD I £+ — %
W g, DTRG0 T L3k + 25 SR P RE
B A5 R/ B — B BT R O 5 R I ST IR 5 A
e
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Table 3 Ablation study on GC-M module

N TCGA_CRC TCGA_STAD Camelyon16
i
Ace AUC F1 Ace AUC F1 Ace AUC F1
cos 0.927 0.778 0.818 0.919 0.739 0.832 0.903 0.813 0.816
eucl 0.925 0.771 0.846 0.910 0.713 0.779 0.880 0.788 0.854
cos+eucl 0.945 0.835 0.887 0.924 0.829 0.897 0.907 0.877 0.848

T ML P RS R 25 S e A2 2R

7 Camelyon16 X — AN Al HAE 55 50, il
W& (cos + eucl) 7E F1 5 b5 L WEAK T FH eucl B93%
B X HIZAE S BN HopkE B s
(i) Jry 8 P P A e A O+ SRS 25 ] B 25 1 A 51 5 =X
5 T A% S Ny, DA A [ BE T AR A A
[A] 5 SR, B MK TE Ace 15 AUC 28 5 4] jI 35
i EATSORAE DL, 10 W LA T0 0 HE e e v 5 e 7
Ty T AR SRR, TR R A GC-M
BEHAEAN [R5 BT 55 v 34 22 90 1R SR i A /0 g
BLRE T, TSR 1 i B SR AE 855 BT 55 S 5t B 1Y
AR E N
2.4.2  GEA-M A 8CHEXT H

ARSCHE— X T I 1 GEA-M B 5 2
HiL ) GNN 4% %Y GCN (graph convolutional network )
(Kipf #1 Welling, 2017) . GIN (graph isomorphism net-
work ) (Xu % ,2019) .GAT(Velitkovic 55, 2018) £ £
RBERIA T RIMERE 25 R R4 s . BARMS 1
TCGA_CRC %¥i % I, GEA-M 7£ Ace ,AUC L) 2 F1
3BT AR EN 0. 945 .0. 8355 0. 887, B EH M T H:
il 3 FpEER , R B GEA-M REWS B o 4ff M X 53 MSI 5
MSS W 2 FE A, 2 T A5 Y 49 ) 5 B8 1 . 7E TCGA_
STAD 4l 4 I, GEA-M [m] B Jig 21 i A2 il ) 1k
Acc. AUC 5 F1 73 B 53 il 3k 5] 0.924.0.829 5

0. 897, ¥4 T HAh Jr % . 7E Camelyon16 ik I 45
PR MAT 55, GEA-M 55 e [l 1F i B 4 3 P 4
B AR 5, GEA-M 76 iZ B0 48 E AR T Ace =
0.907 . AUC = 0. 877.F1 = 0. 848, 43 1|45 3 Fh 2 i [5]
1 25 I 2% % 55 F Ace (GCN 11 0. 887) L AUC (GIN
0.790) F1 F1 (GCN 19 0. 818) 2 T+ T 2. 2% 11% Fll
3. 7% ZEERRW E AL R E A E
5B SHLE] GEA-M AU LAy TR X 404 B
B () MSTAS AT 55 P HUAS T R e 32 71, A KL s )Ry
TS TR A A B R L 5 5 R ARG AT 55 v [ R i
T RAFERE, IS UE T %A B AS [R5 BEAT 45
Vst T v 22 RUBE 540 6 R S AT 300
2.4.3  ERAAEHLN

Shy 6 GIE BT B bR RLE AR 1] 4 ik 2 A AR B
(SGRes-M) [ %M, 48 SCHE 3B 48 kAT T 9
Al SE 5, K SGRes-M 43 51l B 4 oA T B0 22 J2 J 0 L
(MLP) il Transformer @it 515 He | 520645 5% 5 pr
JNo TETCGA_CRCEi#i4E I+, SGRes-M 7E AUC FlI F1
$8%5 43 9355 0. 835 F10. 887, . EH LT MLP 5
Transformer; £ TCGA_STAD % #E££ I+ , SGRes-M [d]
FEZE AUC F1F1 4845 L 40 5E ; 78 Camelyon16 Jbf 2 45
BRI 55 1, SGRes-M 1E AUC #5475 I 4k 224345
A, M TE Ace b B A T Transformer, F1 I& K F

R4 GEA-MEBRHRIKE
Table 4 Ablation study results of the GEA-M module

» TCGA_CRC TCGA_STAD Camelyon16
(R
Acc AUC F1 Acc AUC F1 Acc AUC F1
GCN 0.773 0.687 0.765 0.756 0.619 0.840 0.887 0.741 0.818
GIN 0.925 0.674 0.806 0.830 0.790 0.805 0.854 0.790 0.805
GAT 0.940 0.659 0.831 0.842 0.774 0.813 0.878 0.743 0.771
GEA-M 0.945 0.835 0.887 0.924 0.829 0.897 0.907 0.877 0.848

T L P SRR 25 8 B A2 2R
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MLP. ARl S ok A, MLP fil & 30 2 2 1
R 2 AR L M WS X 22 RUBE RRAE R AT R4, Bl = XF
FUBE [B) 540 2 57 5 HAR O R ) S B RE ), DALt
1 3 HE B B0 255 1) il 14 BB Ok 2% B H B 2 10
o SR, IR G J7 A AR B E R B T
DU, 7 1 5 0 551 1 T BB A% AR AW 1) 9 [l 252, DA
TR E CE T I AR 8 (9 F1 4320, Trans-
former fill A5 15 B 7F 2 B0 W 35 34 i (245 KD 915 00

T MR AR T RO A B, B A AR o g s 4 (i
TCGA_CRC) EA K MLP, KU 45| AL )R ATER
F1 I AN REA HGE e WS 22 ] B [ 0 435 10E /Y il & 75
SR, BT AT BE PR Ak B AR 4 Ry AR T 5 | AR R
(B 4511 22 1Y /2 , Transformer 7E 3 P4 [ Ace T
o, FEPRO AR TR, WA SR BE T 5
RO L BRI B AR 2R RIS Y WSTAT:
F5 v, X R n 17) 22 028 i 2 e SR IE A R

%5 SGRes-M#EHKHRLLIG
Table 5 Ablation study on SGRes-M module

B TCGA_CRC TCGA_STAD Camelyon16
i "
Acc AUC F1 Acc AUC F1 Acc AUC F1 SRR Ik
MLP 0.944 0.805 0.873 0.918 0.817 0.889 0.897 0.800 0.852 228
Transformer 0.948 0.754 0.815 0.960 0.712 0.792 0.914 0.835 0.847 245
SGRes-M 0.945 0.835 0.887 0.924 0.829 0.897 0.907 0.877 0.848 236

TE R AR R S fe LA R

2.4.4 Z RPN

R T RGIUEFT RO AR A A WA B 512
fRRE T, A SCHE 2 R4 X R 32 5 4% ek
ABCE AT TIHASEE, 45 3R 6 Fs .

£6 FAEBNEELOHMEH

Table 6 Ablation study on different input magnifications

TCGA_CRC TCGA_STAD
(GES
Ace  AUC  F1 Acc  AUC F1
20 x 0.837 0.703 0.659 0.837 0.739 0.830
40 x 0.814 0.730 0.727 0.831 0.775 0.848
20 X + 40 x 0.945 0.835 0.887 0.924 0.829 0.897

T L P SRR 5 S R A4

5, 7 TCGA_CRC 5 TCGA_STAD (¥4 I,
ZAG ARG B LT A5 R 5 A . 7E TCGA_CRC
e b, 20 x + 40 x4 550 HIHUAR T 0. 94519 Ace
0. 835 i AUC F110. 887 ) F143%0; 7€ TCGA_STAD %%
P4 FIRIKF] 0. 924 (1 Ace 0. 829 () AUC F10. 897
) F1 5050, Y WAL T 0 — A5 A, a5 R K
B, SR 8 BT R B A HE LA 78433638 WSTAE A ] ]
R B2 & ) 2 RIS AT B TRl 22 R FRE
A Bh T A B e 4l 200 4 R 45 A 5 R A, A
FETHE X MSI 5 MSS FEAR 22 S (K AR BE 1 .

TE LR b, AR SCiE— 25 7E Camelyon16 ik EL 45

FERE A 31X — AN [ BT 45 5 T P ) 2 RUEE N
flt, FH TR 30 A% R4 5 R 5 A AT 55 i A gt
M, N T FiR . PR ELE R R BEE O R
PETE, AR kb 41T SR A B RE T 5 A
SR, 245 10 x5 20 x40 xPEA TRl B, 4 AUC
FHEL T 10 x B i A A Pr 88 & , (B FL A 8008 T
20 X3 40 ¥ HAREEZE 5 . FIHLZ T, 20 x + 40 x4
BHE Ace AUC HITF13X 3048 br L S8 USSR LR 30,
R AR R 40 <43 i $2 T T 2. 7% 10. 9% Fil
1. 4%, X —45 R EH],20 x + 40 x5 RH A AL
TE MSI 53 24T 55 [l AR 3 15, [ I 76 A [m] g 21
A5 A 5 B FR B Camelyon16 3750 F AR RRAE 3,

F£7 Camelyonl6 HiIEETREMNEEN BRI ER
Table 7 Ablation study on different input magnifications

on the Camelyon16 dataset

fi5 3R Acc AUC F1
10 x 0.837 0.664 0.697
20 x 0.870 0.763 0.846
40 x 0.883 0.791 0.836
10 X +20 x 0.871 0.739 0.787
10 X + 40 x 0.840 0.801 0.787
20 X + 40 X 0.907 0.877 0.848

T L PR S 8 R A2
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BREEIE, WE,

ET, B,

iy

am  BinEEEFE NS REAARERGNE

NI R 2R SC IR T ) 2 ROBE T B8 A3t T b Tk i)
55 Bk
2.5 AL
2.5.1 tSNE/ i

AR CH e e TCGA_CRC 5 TCGA_STAD Wi 4
MSI 4 2 54l 48 1, 2R o 40 A Bl HIL 40 38 #k A (i
distributed stochastic neighbor embedding, t-SNE) X
TR A 36T R P B P R AE A 7 T Ak 43
BT, LAIGHIE 22 RO Rl X RRAE 3 14 1) 5 ), 4
B4R, BId e 4E R 17 4E 5 27 531 %R 1-SNE
Rk 2 I A5 3] B A A A ARl . 565 1.2 4720 B X i
TCGA_CRC F1 TCGA_STAD P %8 48 , 76 8 — 1%
(20 x40 x) FIZA5 3R (20 x + 40 x) Fig AT, B Al
) BN REA O A AEAE B 25 5o FEAIE s R
i, TCGA_CRC H MSI(1# #3) 5 MSS (£L i) FEA 5
FEVR 2% , M LK HE T BT A 43 5L 5 T A 20 X + 40
J& IS REARTE e80T W] S HL T, MST S MSS
B HE W BEFERE . fE TCGA_STAD [, BAREARN
FE A O 2 ReR PR BU B (HFE N A A RA T
2 RERA G, 7 B 0RO B2 5, Ud FH A7 B 4y
HuART AR T RIS REAR I S R 1 SURRAE

FERCIERN T, Sk — 2D B iE 22 RO Al SR AE
REATE S S8R T A2 AR B, AR SCHE 458 1)

Camelyon16 ik IV 25 AL RN AIH R A B X0 AN [ 36 )
HA A HEAT T -SNE W] AL 70 A , 25 R AN TET 5 s o
PR (10 X, 20 x 40 X) T, FEATEAR Gk 3 A 25 (8]
SRS [ AR R 2R RNE &, Horb 40 <1 3 B
FRAXTEAE ADAHE LY T A . 2 REG
J5i 5 10 X + 20 x5 10 x + 40 x B 230 FL35 M, H2E P9
BN ML Z T, 20 X + 40 xR A S 80 H B
T T e 1 R 2R45 1, Normal 5 Tumor FEASIE J8
ML 58403 B, R WIRG J5 1R fE A T 08
A ) — Bk . (EAS IR AR RAE 10 X + 20 XT7E
R 4E AR BRI TR g A, {H L -SNE 43 4 A
A AT A S I T T Y R AR A A . X — I U
W, 2245 2 Rl RE % 7 FRAE 25 [B] v Al 2 15 R A 40
WG R ABH e 2 M ReAT) iy BE AR T 45 U P
PEALAE B A R . AF Camelyon16 3X — LR
P Ry A0 B Ve BE NS AT 55 v v e AR A T
[Fi) A5 Sl AR B ELI
2.5.2 FEEIBIIEX L

7 Camelyon16 i 42 b #5411 G 7 X Jal i
17 1T ATAA B, A5 R A 6 frs . B 6(b) 2 ik
oAb HA AR B A A B IX I AR K 6(c) R
Camelyon16 B $2 4L 9 BHPE R AEAR T, I 6 (h) Ry
A SCHR G 9 GEAMF Y2RS5 o AIEL 6 m] LA &E

40 40 40
30 * MSI 30F * MSI 30F L, sWed * MSI
MSS o MSS AN A o MSS
20 ° 20 s . 20 o22% R
O TRIR RN N 3 % o
& l0F o 10F Hhe O 10F o 5
© b ” N G ¢ - % 2
<| B0 bags® *eog, = 0F v‘ﬂ:"‘ %o 0k
S _1of SRS ST . [Foiof
S P 8% "‘9.§
20t o -20t %1 20t
30} e 30} 30} g
_40 1 1 1 1 1 1 1 _40 1 1 1 1 1 1 1 _40 1 1 1 1 1 1
240 =30 20 -10 0 10 20 30 40  -40 =30 20 -10 0 10 20 30 40 -40 -30 -20 =10 0 10 20 30 40
4EpE 1 4EpE 1 4P 1
15 15 15
. o MSI o MSI RIS o MSI
har omss|| 10T % eMss|| 107 il g BV
A B oo B S, | i o off .
[<E ~ ’ < . a ’ e %oi8 ~ 3 e 3,
:rl?i( or s Boor Ll < or
8 pSy sk R ;' e N sk e - N sl
[_‘ L[]
~10F = -10F -10F -
~15 1 1 1 1 1 ~15 1 1 1 ! ~15 1 1 1 1 1
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YR Hipr 1 HepE 1
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Fig. 4

K4 TCGA:t-SNE43Aji%t [
TCGA : t-SNE distribution comparison ((a) 20 x; (b) 40 x; (¢) 20 X + 40 x)
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Table 8 Ablation results of graph construction by
parameter @ on Camelyon16 dataset (k = 4)

0(k=4) Acc AUC F1
5 0.892 0.859 0.828
10 0.907 0.877 0.848
15 0.899 0.868 0.837
20 0.885 0.852 0.820
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Table 9 Ablation results of graph construction by
parameter k on Camelyon16 dataset (6 = 10)

k(6=10) Acc AUC F1
2 0.884 0.851 0.822
4 0.907 0.877 0.848
6 0.902 0.872 0.843
8 0.895 0.865 0.835
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