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Abstract: Objective Microsatellite instability (MSI) is a key biomarker for cancer prognosis and treatment decisions , par-

ticularly in colorectal and gastrie cancers. With the widespread application of digital pathology, whole slide images (WSIs)
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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 significant heterogeneity in
histopathological tissue structures. Most existing methods rely on multiple instance learning (MIL) 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-multi-
scale process, 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 non-adaptive multi-scale fusion strategies, limiting their
ability to capture complementary information across scales. Therefore, this work aims to develop a weakly supervised WSI
modeling framework that explicitly captures structural relationships between patches while effectively integrating comple-
mentary information across multiple magnification scales to achieve reliable MSI classification. Method To achieve this
goal, this research proposes a graph edge-attribute attentional multi-scale fusion network (GEAMF). In GEAMF, each
WSI is represented as a graph, where image patches correspond to nodes, and inter-patch relationships are modeled as
edges. First, this study designs a graph construct module (GC-M) that combines constraints on semantic similarity and spa-
tial proximity to establish reliable structural connections between image patches. Specifically, cosine similarity can effec-
tively measure semantic alignment in a high-dimensional feature space, but it can introduce non-physical long-range edges
in heterogeneous WSI. These connections propagate irrelevant contextual information to distant tissue regions. To address
this limitation, we introduce 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. Based on this graph representation, this study pro-
poses a graph edge-attribute attention module (GEA-M) to perform structure-aware message passing. Unlike 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 dynamically adjust the information propagation intensity based on the dis-
criminative importance of different structural relationships, suppressing noisy or irrelevant connections while emphasizing
diagnostically significant interactions between tissue regions. To further address the inherent multi-scale nature of patho-
logical diagnosis, 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 adaptively integrate these heterogeneous representations, this work further designs a scale-
aware gated ResMLP module (SGRes-M). This module introduces learnable scale-aware gating, dynamically reweighting
the magnification contribution of each sample, and then uses a residual multilayer perceptron to model higher-order interac-
tions between scales while preserving scale-specific discriminative cues. Result This paper systematically evaluates the pro-
posed 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 Cam-
elyon16 lymph node metastasis detection dataset, with Acc, AUC and F1 of 0.907, 0.877 and 0. 848, validating broad
generalization on different tasks. Compared with various existing WSI classification methods, the proposed model demon-
strates more stable and superior overall performance across different datasets and task settings. To further validate the ratio-
nality of each module design, this paper 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 paper proposes a novel weakly supervised framework , GEAMF for WSI classifica-
tion. This framework explicitly integrates graph-based structural modeling and adaptive multi-scale fusion. By introducing
an edge-attribute-aware attention mechanism and scale-aware gated residual fusion, GEAMF effectively captures intra-
scale structural dependencies and cross-scale complementary information. Experimental results on the MSI benchmark

dataset demonstrate that explicitly modeling the structural relationships between image patches and combining them with
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multi-scale representations significantly 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 metastasis detection task, further illustrating the framework’s generalization ability across differ-

ent pathological tasks. This framework provides a general and scalable paradigm for graph-based multi-scale modeling in

computational pathology and has potential applications in various histopathological prediction tasks.
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Comparison of different methods for WSI analysis: (a) WSI preprocessing; (b) Traditional deep learning methods ; (¢) Mul-

tiple instance learning methods ; (d) Graph-based modeling methods
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BRFREE . BT, X4 RS BRI GURF R A T 1 42
7 =a, - x) (13)
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P B BRE AT DR, T A 2 5% 22 2 )2 Bt
ARG -
z = ResMLP (Concat (£ ,%2)) (14)
A H ResMLP (H £ JZ AE L ME Wt 5 5% 25 7 2 24 A,
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By = (Wi s + ) (15)
x = g(W,)x, + b))+« (16)
X, =123 HEZZH, W), e R HI
W e RS 53l 7R 55 12 MLP Hh 4R R -4 1Y
Al 2E AR, b5, 5 ) SR XoF I A g B, g (- )
PR AR MO AL (1 ReLU 8 GELU) o #EAS 3¢
AR B A JZ IR d, = 2d, DA BEet)=
HEE g < do
2838 = )2 ResMLP A3 5, 3R 45 fil & J5 19 (81 9
FRIERR
X fusion = %Y (17)
5 TG RHE &, 2000 42 3% 42 )25 W 31 2 )
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Rt W, € RO, € RE5r M40 AL T
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F1 HEELMNG;T
Table 1 Dataset category statistics

LGRS eS|
TCGA_CRC MSI: 78 / MSS: 352
TCGA_STAD MSL: 64 / MSS: 262
Camelyon16 Normal: 240 / Tumor: 160

2 ZWERSH

2.1 ZIRMESHIEE

A SC 52K #F NVIDIA RTX4090 D GPU - f#
Pytorch HEZEFEATINZR AR, Pytorch BUA K 2. 4. 1+
cul18, El 25 /) 2% i FH Y Pytorch Geometric TN
H2.6. 1, TERINBIE T GEA-M A5 B 1 3 B 2 4K
b2, BOE PREUE FH GELU, H A Transformer 1 13 &
J1RBE R 2, TERLG A, ResMLP A i H]
LeakyReLU E Jy 38 76 eR &k o 76 I Zrad #2 b, £ ]
AdamW EAG &, BE0E WG 2 ] 0 5. Oe-4 , A H 3
IR 1. 0e-5, b KNI E N 8, Sl 745 5K
W, 763 22 10 YR AN 25 b B0 4 1 1 BB 1A AT fif 2l
HERF 2 1R Y2
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AR I PIAS 2 HH 1 TCGA B4 4E (Kather 25,
2019) : TCGA_CRC (%5 Ei %3 ) M TCGA_STAD (5 i
i) o TCGA_CRC s 5 4l 50 i 5 1) H&E 4
U] i MG AL, A48 430 MREAS  IRPE E b

T MSLARES , FEAS 43 MST( BB AR )
FIMSS (f TR AR E ) W28, Hirh 78 5y MSIAEAS
352 15}y MSS BEA . TCGA_STAD % #is 5 0 5 M Ja
B H&E U) R EME , 3e4 5 326 M REAS, Hirbr 64
1515 MSIAEAS , 262 1] Jy MSS REAR

BEAE b B IE i 4 22 IR I o 4 o 246 A5 760
AN R BT 55 3 5 R B2 AL RE 7 5 45 4 s A A fgkt
P, AR SCHE— 2 7E Camelyon 16 504 42 (Ehteshami 45,
2017) bE#EAT T 5 4E 55 AU 4P S S5 80 . Camelyon16 J&
— AT TR WL b B E R AR AT 55 H R
“hy LRI T VAR L S5 R A, R X WSTIEAT IE
SR e R 280 . B AR VI GRAE P AL
TG B I XS A5 2R b v L ZE M B B A AR AL D)
R RARZE B TPEAL WS 2 S5 1 R 7 42 2 Bl 3
SR HIBRE )T o 2B A AL E 400 5KV Rk
PRPEUR B R TN 5G4 AR 4. b
YIGREEA 11K IEMEY) 55 159 5K IEH U A, it
B 129 9K AL & 3 S A ST B M R PHAE R .
T UREAS L, FE I 2R 4R il Weighted-
RandomSampler #F 17 A Bl LR A, 31 55 455 76 X6 /b
BRI EE T o BodE 4R R 43 % 1 Kather 55 A
(2023) 46 3wy 4l 20 7 . BUUR AR 2R S S it gk 1
Jim
2.2 iEEIEER

AR SR FHHER R (Accuracy, Ace) \AUC Fl F1 43
B A BRIPEREITAL F8 05 o Ace FH T i 38 4 73 25
HER T , AUC - IPAG RS R AEAS [R) 40 1) B (i 1 4
RFNHIRE T, F1 o3 BER G I BB R A 28 A P17
s R X BRI BE
2.3 XfLEsEIE

RIS T 4E TCGA_CRC FI TCGA_STAD W4
B SR R IE S LU T AT T
™ 1% 8t J5 15 Mean-Pooling 1 Max-Pooling, DA A&
HEGEC (Shen % , 2023) . DTFD-MIL (Zhang aE
2022) .CLAM_SB (Lu %,2021) .CLAM_MB (Lu % ,
2021) . TLRA-MIL (Xiang %, 2022) , CAMIL (Mao 5%,
2025) . GAT-mamba (Ding % , 2025) . WiKG (Li 5% ,
2024) 1 DGR-MIL(Zhu % ,2024) . FiFA 7 004

¥iok B A A T O e A kAT i 52
55 G5 RAFR 2 R o

7E TCGA_CRC EUHE4E I, GEAMF 7 =i $5 b5 -
YIRS ST e Lk 8 Herp Ace AR A S A0 X HE Oy 15
2T+ 29 6.2%, AUC $2 Tt 1%, F1 4 F+ 0. 3%. 7
TCGA_STAD ¥(4l54E |, GEAMF 7£ Ace A1 AUC 8 F5
Ay SR TE 6% F1 1. 3%, F1 B8 A% T ILRA-MIL, 3X 1]
fiE 5 ILRA-MIL &1 X} B i g 40 2152 2t 5 | AAIRBk i
YR AEAC A Ry i = AL, s S i e o A A
Ko Rt BRI R R AT 55 S 5 R IR
FE M, A SCHE Camelyon 16 bk B2 45 5% B2 G I Kl 4 4E -
AT T B BRAL 55 X LS00 . SCER A SRR,
GEAMF 7E Acc(0. 907) FIAUC(0. 877) L HifS #%

DEPERE, Wt FES 201 e BE N B RO 2
55 2 AR 55 TR B2 AR H R ) 5
ZALYE . ZBIEAE I FLISPRISEF CAMIL, il S
A T A0 38 T A E D B R A R
RAES A Wy B A LA . A, GEAMF 7E
Acc ¥8F5 L HUS T 0 0 B2 W HE 7, HAZ O R K 78
TR A [ S50 d A 5 22 RUBE il B B AT RS AR T
ZHRORFEAR M RAPR . BARTNF , GC-M ARLHLIHE o Bk
A RTE LBt 5 s [ SR b T S X
Z A TR 2 5 GEA-M tE— 25 76 7 )8 AL ik i R
b A AR ) S0 i 0 A Rt B, AT sl £ 7 S g
FRTEEI A ) BRI . b IRAIL ) (s AS A 7 ey
Z IS ) MSTAT: 55 08 T AU Bl IX 3 FL S0
St AR AL X8, B B AT SE R PR A . S kIR
B, 22 IRUBE I 45 ) 1y D ) A A5 S R JB T T 48 il 5
s T YR GERAE — 3P (0 A 25 s AT
55 Sy rh RIS DL
2.4 HBRIEIE
2.4.1 GC-M FEEHL il s 56

R T HrIE GC-M B AN 7] 31 i P gy =)
AP BE Y52 ), A< SCHE TCGA_CRC . TCGA_STAD
Ph K Camelyon16 =/ E4a 45 L aEAT T IHALSE S, b
BT T AEAHRIE (cos) MR ERHE S (eucl) LA K
HlA (cos+eucl) =il J& ka2 U7 XS8R,
IR AR INE 3 PR . BAACKTE | cos TEMHE TR SUAH
RUPE Ty T e B — o Al 3, 7R A5 2 8k 4R 1 AUC
YT eucl ; M eucl 16 S 2 (B A0T M AU HE 4F,
U E TCGA_CRC | 19 F1 43 %03k 5] 0. 846, fE T
coso [H 5 B ] B 349 47 76 B S J A« cos PIT B
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Table 2 Comparisons of model performance on the TCGA_CRC, TCGA_STAD and Camelyon16 datasets

TCGA_CRC TCGA_STAD Camelyon16
Ace AUC F1 Ace AUC F1 Ace AUC F1
Mean—Pooling 0.829 0.711 0.777 0.847 0.790 0.733 0.811 0.779 0.784
Max-Pooling 0.837 0.783 0.804 0.865 0.755 0.707 0.834 0.746 0.754
HEGEC(Shen %, 2023) 0.829 0.770 0.863 0.825 0.818 0.852 0.812 0.769 0.705
DTFD-MIL(Zhang 5 ,2022) 0.806 0.823 0.853 0.816 0.805 0.878 0.821 0.829 0.814
CLAM_SB(Lu %% ,2021) 0.861 0.818 0.762 0.806 0.803 0.707 0.820 0.825 0.775
CLAM_MB(Lu %,2021) 0.845 0.822 0.744 0.816 0.810 0.664 0.821 0.831 0.774
ILRA-MIL(Xiang 55 ,2022) 0.830 0.760 0.876 0.837 0.732 0.905 0.848 0.826 0.868
CAMIL(Mao % ,2025) 0.826 0.825 0.884 0.677 0.768 0.747 0.869 0.861 0914
GAT-mamba(Ding % ,2025) 0.889 0.823 0.862 0.830 0.812 0.847 0.834 0.865 0.832
WiKG(Li %5 ,2024) 0.870 0.807 0.864 0.871 0.808 0.851 0.800 0.847 0.801
DGR-MIL(Zhu % ,2024) 0.852 0.826 0.855 0.841 0.818 0.862 0.845 0.858 0.829
GEAMF 0.945 0.835 0.887 0.924 0.829 0.897 0.907 0.877 0.848
TE IR T RS % 5 LS5 2R
R3 GC-MERHERTLE
Table 3 Ablation study on GC—M module
TCGA_CRC TCGA_STAD Camelyonl6
R
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 IR TR R 7R 25 9 e AL 25

SIS SO {H 25 ) B 1 19 55 QR , S BUR T
SERG IR IR 5 eucl W AT GRS 25 6] AH AR (H 1 LT
KA patch HEFEE R R RIRER G . MG
FeMg (cos+eucl ) 7E =T 55 FHPUT I fRALEAE R (1]
41 TCGA_CRC ik #| Acc=0. 945, AUC=0. 835, Fl=
0. 887) , I 7E TCGA_STAD I {f-H¢— 3 5 , Ui W Bk
B 20 T S — B+ () SR I RE 8 A AL D R
— AR A F i L PRI S R R B

7E Camelyon16 X — AN [ HAE 55 50K L Al &
M (cos+eucl) 75 F1 45 45 B A Tt FH eucl /15
B XGRS m IO E E EA s
IF1)Jr A ) A AT S 2 (LA 2+ 1] B 8 1 g ] Dy =X
B Sy I L S e L, DA T A [T B {E R 2R A48 H

[ SR, AlA SR AE Ace 5 AUC SR (A H)

SRR EA PR H, BB A O HE P Ae E R S
Mg P I o) T O L R A SRR, TR Y
GC-M A HLAE A [R5 BT 55 v B 2 0 H A AR e I A
R A RE T, T UE T 2B S A 5 9 BT 55 )
stz AR E P
2.4.2  GEA-M A 85Xt

A SCHE— LR T B ) GEA-M A 5 22
HiL i) GNN #% % GCN (Kipf 55 , 2017) | GIN (Xu 4§,
2019) \GAT(Velickovic 55,2018 ) 7£ 2 Ui AT Y
PERE A5 R WK 4 PR,

HARTMI , 76 TCGA_CRC 454 E , GEA-M 7E
Acce AUC LA K F1 38 b 4335 5] 0. 945.0. 835 5
0. 887, i F LT HoAh —Fh ik , W] GEA-M figf
YHE A Hb X 53 MST 5 MSS W S REAS, 46 15278 1) 1) 5]
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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
TE I AR R & S R E5 R
&S5 SGRes-M#EHRAIHRLSLLE
Table 5 Ablation study on SGRes—M module
. TCGA_CRC TCGA_STAD Camelyon16
R ,
Acc AUC F1 Acce AUC F1 Ace AUC F1 SR
MLP 0.944 0.805 0.873 0.918 0.817 0.889 0.897 0.800 0.852 228K
Transformer 0.948 0.754 0.815 0.960 0.712 0.792 0914 0.835 0.847 245K
SGRes—-M 0.945 0.835 0.887 0.924 0.829 0.897 0.907 0.877 0.848 236K

TE L TR R & 5 e L A5 R

BE 1. 7F TCGA_STAD %4l 4 I+, GEA-M [a] A J2 31
el ) PEBE , Ace . AUC 5 F1 0 8043 1) 0. 924
0. 8295 0. 897, 4 T HA I ¥4, 7E Camelyon16 ik
ELEEEE RS AGTIAT 55t , GEA-M B He [R1RE R R 1 1 3%
g, BRI, GEA-M 7L 125U 4E EHUS T Ace=
0.907 . AUC=0. 877 . F1=0. 848, 43 5| %5 = Fh 25 i [&]
T 25 0 4% 5% 155 B Ace (GCN 11 0. 887) L AUC (GIN 1y
0.790) F1 F1 (GCN £% 0. 818) #2 71 1 2. 2%. 11% Fil
3.6%. IZLERFM il A2 RS E G e
5B IHLE, GEA-M AU LI AR X 4 H
B 1) MSTAS AT 55 HUAS: T e 42 71, 26 LA o) Ry
TS R ) A A P UK B 25 R RS AT 55 o R AR AR
Fr T RAFERE, DTG UE T % BB AN [R5 BT 55
s B ) 22 RUBE S5 70 G R S i) A 0
2.4.3 EAREHER

Sy 56 E T B R BE JERHT [T 4 AR 25 A B B
(SGRes-M) YA & , A SCHE = AN B4 B kAT T
TH AL SZI K SGRes-M 43 31125 4 Ay 13 5. 22 )22 I HIBL
(MLP) il Transformer @l & f e, SCg0 45 K an 3k 5
Fis .

£ TCGA_CRC 5u#i4E I, SGRes-M 7£ AUC A1 F1
Febr b3k %) 0. 835 A1 0. 887, i FH L T MLP 5
Transformer; £ TCGA_STAD 2 #E 4E I, SGRes-M [d]

FEAE AUC FIFL 48 b5 E 455 5 78 Camelyon16 ik I 25
R RMAT 55, SGRes-M 78 AUC #6545 I 4k S2 144
S, M AE Ace I B AKX F Transformer, F1 0% F
MLP. Ml HEmeXf LR , MLP fl & 308 1 4 7
B SR AR LR WS R 22 RO AFNE 64T 1R 45 , k= %
RUBE R 254 26 5 5 5 AR G 22 0 b RS RE 7, Rt
TE = EE A AR ) RE AR XA R . SR,
RG 7 AT A BRI i PR T, 7 5
I BT B8 SR A5 W 5 0 A [0 252, DT 7R 4R A 15
BRI AT B A F1 73040, Transformer @il &
BEHAE S50 W E 1IN (245K) I B0 T, Pk Rg 2
THENE AR, B 2 1 5 o3 e 4 (41 TCGA_CRC)
AR MLP, KB HHES A4 B T E A RE
R e WSI 22 RUEE I RRAE (Y Rl G 75 5K, B v fig
PRIt B A4 Sy B T 5 | A ROBE R 75 (A T Y
J& , Transformer 75 =ML I Ace H &, FE A K
HARER BRSNS T U

H LRI BRI B TSN Y
WSIAT: 55 H, 3 Rl O 1] 22 85028 ) i i 25 40 8 S A IE
R
2.4.4 ZRETHA

R T RGUEFTIE AR A S A HE 512
FBRE T, A SCHE 21 B A LX) L 32 55 2 A% ey
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Fig. 4 TCGA: t-SNE distribution comparison of (a) 20X, (b) 40X, and (¢) 20X+40X

F6 TREBMNERAERKE
Table 6 Ablation study on different input magnifications
TCGA_CRC TCGA_STAD
iR Ace AUC F1 Ace AUC F1
20X 0.837 0.703 0.659 0.837 0.739 0.830
40X 0.814 0.730 0.727 0.831 0.775 0.848
20+40 0.945 0.835 0.887 0.924 0.829 0.897

T L PR R 5 B iR 2 2R

F7 Camelyonl6 HIEEARRMNEERMNERMIIER
Table 7 Ablation study on different input magnifications

for Camelyon16

Camelyon16
fire
Ace AUC F1
10X 0.837 0.664 0.697
20X 0.870 0.763 0.846
40X 0.883 0.791 0.836
10X+20X 0.871 0.739 0.787
10X+40X 0.840 0.801 0.787
20X+40X 0.907 0.877 0.848

TE IR R R 24 5 e A2

ABCE VAT TR sCss g5 Bk 6 fin . 15 AE
TCGA_CRC 5 TCGA_STAD ¥i#itE I, 2%
G B E LT AT R A . 1 TCGA_CRC

P 4 I, 20X+40X 4 G 43 5l HUAS T 0. 945 9 Ace.
0. 835 ) AUC F10. 887 1) F1 43 %% ; 76 TCGA_STAD %k
P54 b IR Ik # 0.924 () Acc. 0.829 () AUC Al
0. 897 f)

F153%0, W AL T B — A A A 5 1R
BT, AN BAAE R Ay AME L FE 43 638 WSTAE A ) )
FE R B 28 5 () 2 2 G5 AF B TRl 22 RUOBEFRAE
A BT R PR AL 20 4 R 25 0 5 R R A YT, DT
FEFHBIRIXT MSI 5 MSS FEAS 22 R (I EBERE J7 . 7R
Feith I, A SCHE—25 7 Camelyon 16 I B 45 5 B A
X — AN [F R BT 55 S 5 T IR 22 RUE W i, FH T4
i R A A PR R A B AT S AR d v, sk 7
JiR . BAREEGESR IR, B BORARR A $E T, A
X kL A T SO H R AR D P R . SR,
10X 55 20X 8 40X 217 @l & B, 45 AUC M T
10X B i A BT 2 55, 1B F1 3 B3R T 20X Bk
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Fig. 5 Camelyonl6: t-SNE distribution comparison of 10X,
20X, 40X, and their combinations
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Fig. 6 Attention heatmap. From left to right, we have (a) WSI, (b) the tissue segmented with a pre-processing algorithm, (c)
ground truth provided by Camelyon16, (d) HEGEC; (e) CLAM; (f) CAMIL; (g) DFTD-MIL; (h) GEAMF proposed in this paper
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Table 8 Ablation results of graph construction hyperpa-

rameter § on Camelyon16 dataset (4= 4)

O(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 hyperpa-

rameter k on Camelyon16 dataset (6 = 10)

k(6= 10) Acc AUC F1
2 0.884 0.851 0.822
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8 0.895 0.865 0.835
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