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Breast cancer whole-slide image classification with frequency
domain features and hard negative screening
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(1. School of Information Engineering, Ningxia University, Yinchuan 750021, China;
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4. Department of Pathology, General Hospital of Ningxia Medical University, Yinchuan 750021, China)

Abstract: Breast cancer whole slide image classification is critical for accurate diagnosis. However, existing pseudo-
label-based multiple instance learning methods suffer from low-quality pseudo-labels and suboptimal selection of hard
negative instance ratios. To address these issues, this paper proposes a multiple instance learning method combining
frequency domain features and dynamic hard negative instance screening. First, a multi-scale frequency domain feature
encoding module is designed, which enhances high-frequency details and complex texture representations through
frequency domain residual connections and cross-layer feature fusion. Second, a dual-branch bag prediction module is
proposed to dynamically adjust instance weights via an attention mechanism, mitigating feature dilution caused by
heterogeneity and improving pseudo-label generation quality. Finally, a dynamic hard negative instance pseudo-label
mining strategy is introduced, progressively increasing the proportion of hard negative instances to enhance the model’s ability
to capture discriminative features. Experimental results on the Camelyon and TCGA-BRCA datasets demonstrate
significant improvements: ACC, AUC, Precision, and Recall increased by 3.15%.1.72%.3.06%.2.12% and
2.32%.2.79%.2.22% .2. 22% , respectively. These advancements validate the effectiveness of the proposed method.
Keywords: breast cancer whole slide image; multi-scale frequency domain feature;dual-branch feature aggregation;hard

negative instance screening; multiple-instance learning
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Table 2 Impact of ¢,,, on Camelyon classification performance
KA L) ACC AUC Precision Recall
100% 0.8833 0.926 7 0.8991  0.907 4
80% 0.8889  0.9281  0.916 7  0.900 0
50% 0.8944  0.9307  0.9259  0.9009
20% 0.9056  0.9389  0.9352  0.9099
5% 0.911 1 0.9426  0.9352  0.918 2
2% 0.9000  0.9348  0.8919  0.8919
#£3 ¢, X TCGA-BRCA 43 2 M B &Y 22 I
Table 3 Impact of ¢,,, on TCGA-BRCA
classification performance
KA LB ACC AUC Precision Recall
100% 0.823 0 0.883 9 0.8824  0.7826
80% 0.8278  0.8909  0.8824 0.7895
50% 0.8373  0.8987  0.9020  0.7931
20% 0.8421  0.9086  0.9020 0.8000
5% 0.8373  0.9001  0.8922  0.798 2
2% 0.8325  0.8924  0.8922  0.7913
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SO R TT IR A I B8 AE T A0 2 (19) BT R B9 1 pR .
R (20) I 7% B2k R BRI 2R (21) i 7R B 1™ pRA 3 Bl 3 2593
e R Sk X B A 0 22 Ak g . SE 8 3 F (0. 05,
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Wk 4 FiR 18 Camelyon B85 45 . ™M B LAY AUC
2 0.942 640. 002 0, & M F MK A 0. 920 1£0. 003 0
LR PEREY 0. 931 70. 002 5, FH ACC {EHik%] 0. 911 1+
0.001 2, fAHE M pRBHZ T 0. 59% » H. Precision 5 Recall 1§
FrasE 2 0.935 2 £ 0.001 8 Ml 0.918 2 £0.001 5, 7
TCGA-BRCA %5 % L, ™ R £ ) AUC 25 0.908 6 &
0.002 5, % M e H 1Y 0. 875 74£0. 003 8 #£ T+ 3. 76 %, ACC
i5 0.842 140.002 0, Recall {H% % 7E 0. 800 0+0. 001 2,
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R, 3£ 78 100 % B #a FRoE, SLat Mk 4 AUC sl =
0. 942 6£0. 002 0; 17 [M1 R %5 FN 2 bR £K 43 501 5 2 150 F AN
120 B A KBS . 7R 7(b) Ay TCGA-BRCA Bl 4,
R AL AUC 78 120 Fe BT ik B R E R M ELZ T, M8
ML RS A E K = 180 8, X—E 7KW
™ R ) Al 20 4 AR 20 D TR Y 1 A 1B B B, BR
PRBE T I 2R 300 0 A o 3 3 457 2 B OR 1Y DX 0 M R AT
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HE— 2 AN 2R A 2 1 & B, T BRI AUC B 1fE 22
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Table 4 Comparative classification performance of sampling strategies on Camelyon and TCGA-BRCA datasets

S Camelyon TCGA-BRCA
PR R A
ACC AUC Precision Recall ACC AUC Precision Recall
1] 5 0.905 6+ 0.920 1+ 0.935 2+ 0.909 9+ 0.837 3+ 0.875 7+ 0.892 2+ 0.798 2+
PRI
0.002 0 0.003 0 0.002 2 0.002 5 0.003 5 0.003 8 0.002 8 0.002 0
S 1k A 0.905 6+ 0.931 7% 0.925 9+ 0.917 4+ 0.837 3+ 0.889 8+ 0.892 2+ 0.798 2+
- 0.001 5 0.002 5 0.002 0 0.002 0 0.002 5 0.003 2 0.002 0 0.001 5
8 0.911 1£ 0.942 6 0.935 2% 0.918 2+ 0.842 1* 0.908 6% 0.902 0t 0.800 0t
PRI
0.001 2 0.002 0 0.0018 0.001 5 0.002 0 0.002 5 0.0018 0.001 2
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(a) Training curves of different sampling strategies on Camelyon dataset
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(b)Training curves of different sampling strategies on TCGA - BRCA dataset

P 7 N [E) RARE SRE s 14 1 2 h 2

Fig. 7 Training curves of different sampling strategies
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BRCA 845 £ 1€ Adam fRALES AT 2 X 10" 2% 3 AT
AUC k5] 0. 908 6, T 2% ] FHEFH 5 310 ' Bf AUC T F&
0. 85% 2 0. 900 1, 3% % B 5 48 XJ 2 ) A8 fb T g UK,
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Table 5 Effects of hyperparameters on classification performance
- i Camelyon TCGA-BRCA
ACC AUC Precision Recall ACC AUC Precision Recall
128 0.884 5 0.929 7 0.899 1 0.907 4 0.832 5 0.893 8 0.882 4 0.789 5
Ik 256 0.902 4 0.938 0 0.916 7 0.900 0 0.837 3 0.897 7 0.892 2 0.798 2
KN 512 0.9111 0.942 6 0.9352 0.918 2 0.842 1 0.908 6 0.902 0 0.793 1
1024 — — — — — — — —
SGD 1X10°° 0.894 4 0.931 2 0.9259 0.900 9 0.8325 0.892 4 0.892 2 0.791 3
5] 1X107° 0.9111 0.942 6 0.9352 0.918 2 0.842 1 0.908 6 0.902 0 0.793 1
1x10" 0. 900 0 0.935 6 0.925 9 0.909 1 0.837 3 0. 895 8 0.902 0 0.793 1
Adam 1X10" 0.894 4 0.929 8 0.916 7 0.908 3 0.827 8 0.895 8 0.902 0 0.793 1
5] 2X10 " 0.911 1 0.942 6 0.935 2 0.918 2 0.842 1 0.908 6 0.902 0 0.793 1
3X10" 0.905 6 0.934 5 0.9259 0.917 4 0.837 3 0.900 1 0.892 2 0.798 2
StepLR 50 0.905 6 0.938 9 0.935 2 0.918 2 0.8325 0.893 8 0.882 4 0.789 5
o 75 0.911 1 0.942 6 0.935 2 0.918 2 0.8421 0.908 6 0.902 0 0.793 1
FIR 100 0.900 0 0.934 8 0.916 7 0.916 7 0.837 3 0.904 7 0.892 2 0.798 2

1 TCGA-BRCA ##li4E L4y Mt &t AUC, 44 58 3= 03,
M) B % 50 B, o R IR T WSS R . $ 8 TCGA-
BRCA ) ACC FF& 0. 96% & 0. 832 5; ZE K ZF 100 J& #A]

FP A A e SR RN RS T A1 2 ) SR A DLk S i
BT R s el
2.5 HRhsIE

ffi Camelyon ) AUC F % 0.78% % 0.934 8, TCGA- h T R A AR A P BE 1Y BTRR L A8 SCHE Camelyon
BRCA f) AUC FF# 0.39% % 0. 904 7. KW KA AT AE M TCGA-BRCA #ilafe BbAT T Il S50 . L5045 3R 73 il
IR LA KU . X P 22 R R F Camelyon B8 4E & B 4k W 6.7 fim,
%R 6 7 Camelyon #{1E&E FHIE R L0
Table 6 Ablation experiments on the Camelyon datasets
S 2 LFFM FREM DBBP DHNIM ACC AUC Precision Recall
1 N 0.883 3 0.926 7 0.899 1 0.907 4
2 N N 0.888 9 0.928 1 0.916 7 0. 900 0
3 J J 0.894 4 0.929 8 0.916 7 0. 908 3
4 J J 0.894 4 0.931 2 0.9259 0. 900 9
5 J J 0.900 0 0.934 8 0.916 7 0.916 7
6 J N N 0. 894 4 0.930 7 0.925 9 0. 900 9
7 N/ N/ N/ N/ 0. 900 0 0.935 6 0.9259 0.909 1
8 NG N N N 0.905 6 0.938 9 0. 935 2 0.909 9
9 J J J 0. 905 6 0.934 5 0.9259 0.917 4
10 J J J J J 0.911 1 0.942 6 0.9352 0.918 2

FEFR 6 1) Camelyon BUHE 4R I, BEH ] 09 B3 R 5 00 &
AN B 2 B BCPE K k. MFFE " B9 LFFM 5
FREM 5 J5 F B A7 76 1 3 T0AR BN - 5258 2 Hh LFFM X
fiff AUC M 0.926 7 fHI6 2 0. 928 1,1 525K 3 (9 FREM ¥
Recall )\ 0. 907 4 $2FF 2 0. 908 3., 3% Flt J& 304 AL 48 7% 2 —
B HE L) 58 B R AIE R AF (0 Ak FEBR . 24 — #5343 MFFE
B[R] VE B, 5256 6 A AUC $2FF = 0. 930 7 H. Precision ik
0.925 9, W = A5 40 57 3 3% 5 2 RO L& T8 L T RRAE B

%, DBBP A5t 2 57 W FH 7E SE 58 4 7P i Precision $2
2.68% % 0.9259,{HH 5 MFFE Ay I [6] 76 S2 46 7 v ik —
A AUC #2555 0. 49 % F 0. 935 6, Ui B DBBP F K #i4i1k
FYFRAEZS [A] . DHNIM [ 20 57 38 25 20 0 8 &, S 88 5 ff
Recall #F+ 0. 93%0 = 0. 916 7, 1 £ A B [6] T 5L 5 10
1 Recall F25E T 0. 918 2, & W iff £ S f5i] 0 146 5 A7 B ReAiE A
fb. ERFEEME, L% 8 f MFFE 5 DHNIM 4 & f#
ACC ik 0. 905 6, 585055 5 48T 0. 56 %, H/n FRfiE i & 5 30
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Table 7 Ablation experiments on the TCGA-BRCA datasets
SLIR 424 LFFM FREM DBBP  DHNIM ACC AUC Precision Recall
1 N/ 0.8230 0.883 9 0.882 4 0.782 6
2 N/ N/ 0.827 8 0.891 5 0.892 2 0.784 5
3 J J 0.827 8 0.890 9 0. 882 4 0.789 5
4 J J 0.8325 0.893 8 0. 882 4 0.789 5
5 J N 0.837 3 0.898 7 0.902 0 0.793 1
6 J J N/ 0.8325 0.892 4 0. 892 2 0.791 3
7 J J J J 0.837 3 0.895 8 0. 902 0 0.793 1
8 N NG N/ N 0.837 3 0.897 7 0.892 2 0.798 2
9 J J J 0.837 3 0. 900 1 0.892 2 0.798 2
10 J J J J J 0.842 1 0.908 6 0.902 0 0.800 0

5T A0 S A1) 7 32 1) B D 355

fER 71 TCGA-BRCA BG4 I, ALHLA] /) TT A 00T
B FALRRIE . LEFM BUlUR FHRE 525 2 (19 AUC {3
1 0.76% .5 FREM HAl{E AT RS /) 0. 890 9 T Ji M fig 7T
&, R U5 T E R R = T, e — R AE 1 o
W Sy Z WA T4, DBBP 55 DHNIM (9 [A) 4% 75 1% 4k
AR, 9 F A AUC 355 0. 900 1,48
Huh DBBP 19 0. 893 8 $2 T 0. 63 % , i3t B 3h 25 B 17 52 491
BT BEONAR 25 AL R W Y C A . B B E] A B TR 500 7 S
¥ 10 353 , MFFE 5@ i 0. 908 3 9 Recall Jy DBBP 2
AT 5 B 4R AE 32, T DHNIM B9 0. 800 0 Recall N 38 i
o R R A 2 A o Ak T A A M, = E B R AUC
iKF 0.908 6, {HAFHFE M, 7 MFFE 5 DBBP
B P E i Precision 35 % 0. 902 0,1H Recall X5 0.793 1,
VAT B0 TR AR Y 5 5 SE 1 1 8 R B OT 4l 2 51 A
DHNIM & i, 5¢ 4 3 ) 8% J5 » 25 10 78 8 5 &5 Precision
H Rl BB Recall $2FF 2 0. 800 0, E B 8l 2R A 2 3 BEA 2
EHAEEES ARG . TUASON 7 5 B A A [ AR
TE1E . 5258 6 H MEFE 241 {4 )3 F A AUC A 0. 892 4,
AR T80l DBBP Y 0. 893 8 4R /RTEAF E XA T £
REFMEARESIATHGER .

S HOHE B 43 4T R W AR R B I o = A Ak i AR S Bl
PERERHE : MFFE Y 22 B A5 385 45 4F 8 DBBP 42 4t 1) 514k
% . DBBP 1) 8 & 1t Ak 9 2> 7 AE i B+ 38 . DHNIM 3 5 38
A5 VR T A7 S 4] 0 S L g9 A 26 R 8 B A e L Pk R M A
A%, X Fh A ER B 6] BL A E Camelyon #HE 46 ACC M
0.883 3 #&F % 0.911 1, ¥4l ik 2. 78 % ; 7 TCGA-BRCA
BAREMES) AUC M 0. 883 9 K 0. 908 6, 4#1F 2. 47% .
TUARRON FE R TR 68 19 )= 3 & , I MFFE B9 FR1E
Wi 5 DBBP ) 52491 i i A5 A5 B U 4 A AR XL, 1Y
it DHNIM 857 sh A 38 AL S L 3% Fh T4l $6 400 7
AL R BLAE ST 10 19 B A B00E SE 19 Recall 43 35 E)
0.918 2 1 0. 800 0, B4R TF 1. 08 % H1 1. 74 %%,
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T 55 UE FDHN-MIL 78 LI w WSI 432845 550 iy
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PERE .

MR 8 M I 45 R UL F I, FDHN-MIL 7
Camelyon ¥ ¥ 48 F 9 ACC 4% % It ABMIL, CLAM,
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7.19%.3. 15% M1 1. 23% ;78 AUC A W3 L 3, 4 5
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Recall I5%] T 0. 935 2,5 HNM £ 0. 925 9 M LRI T4
1. 02% , [Al B} Precision 7 Fr#& 7, i3 1 0. 918 2, # H
AN HT . 75 TCGA-BRCA B4 b, WAL I B K
15 R A B P i
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Table 8 Comparative experiments on the Camelyon and TCGA-BRCA datasets
et Camelyon TCGA-BRCA
ACC AUC Precision Recall ACC AUC Precision Recall
ABMIL 0.850 0 0.8259 0.888 9 0. 864 9 0.765 6 0.820 3 0.823 5 0.730 4
CLAM 0.855 6 0.831 0 0.898 1 0.966 1 0.823 0 0. 884 3 0.882 4 0.782 6
DSMIL 0.850 0 0.837 8 0.870 4 0.878 5 0.765 6 0.831 3 0.823 5 0.730 4
Its2CLR 0. 883 3 0.926 7 0.907 4 0.899 1 0.8230 0.883 9 0.882 4 0.782 6
HNM 0.900 0 0.933 3 0.9259 0.909 1 0.832 5 0.902 3 0.892 2 0.791 3
FDHN-MIL 0.9111 0.942 6 0.9352 0.918 2 0.842 1 0.908 6 0.902 0 0.800 0
oL = =) o = =) 60
293 2 2 3 g 3
< .9 L2 ] ] 2 o
ClB1 15 BSEN B 1t 15 BSEN 310 13 BSON 3 i B 30
& o & & o &
0o 1 0 1 0 1 0
True labels True labels True labels True labels True labels
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<\ 3 3 3 E 3 3 | 60
S| 8 3 3 S 5 3
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(a) ABMIL (b) CLAM (¢) DSMIL (d) 1tS2CLR (e) HNM (f) FDHN-MIL
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Fig. 10 Confusion matrices for Camlyon and TCGA-BRCA dataset
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Fig. 11 Visualization results for Camlyon and TCGA-BRCA datasets
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