CN 51'-1546/04 1SSN 1003- 501X (EIJEIJF&)'« ISSN 2094-4019 (R#Hf)

BT BiE MG R RBUR A FLBR I 5 SR 45
HY, [0S, 53¢, BRE, HgE, ER, O

SR

Y, AHS, 3%, % ETHENMASTEMAGHILIRMES RMEJ). SLE T, 2023, 50(1): 220158.
Huang P, He P, Yang X, et al. Breast tumor grading network based on adaptive fusion and microscopic imaging[J].
Opto-Electron Eng, 2023, 50(1): 220158.

https://doi.org/10.12086/0ee.2023.220158
%5 HH8: 2022-07-08; &2 HHE: 2022-09-06; 5 A HHA: 2022-09-06

GEESed

KRAFE AN B REGE RN E

v, TR, sk, XIEFE, R, XIEE

e T2 2022, 49(3): 210361 doi: 10.12086/0ee.2022.210361
GERLIRBESHEZMENIVUSEK S E

XER, BT, OMIH, KRN, BUBME, R, BRREX
FETIFE 2023,50(1): 220118  doi: 10.12086/0ee.2023.220118

KR 2E BRI B AR T B 4 o (4 B2 R

iRE, R, i

ST 2020, 47(5): 190638 doi: 10.12086/0ee.2020.190638
ETHEERFESHIZLBRINE 5 il 7 i%

HE, AR

SFE T 2019, 46(1): 180368 doi: 10.12086/0ee.2019.180368

Tt TN L

OEE £ & x4

Opto-Electronic Engineering

http://cn.oejournal.org/oee @ OE_Journal Website


https://www.oejournal.org/oee/
https://www.oejournal.org/oee/
https://doi.org/10.12086/oee.2023.220158
https://cn.oejournal.org/article/doi/10.12086/oee.2022.210361
https://doi.org/10.12086/oee.2022.210361
https://cn.oejournal.org/article/doi/10.12086/oee.2023.220118
https://doi.org/10.12086/oee.2023.220118
https://cn.oejournal.org/article/doi/10.12086/oee.2020.190638
https://doi.org/10.12086/oee.2020.190638
https://cn.oejournal.org/article/doi/10.12086/oee.2019.180368
https://doi.org/10.12086/oee.2019.180368
https://cn.oejournal.org/article/doi/10.12086/oee.2023.220158?viewType=relative-article
https://cn.oejournal.org/article/doi/10.12086/oee.2023.220158?viewType=relative-article
https://cn.oejournal.org/article/doi/10.12086/oee.2023.220158?viewType=relative-article
http://cn.oejournal.org/oee

Opto-Electronic Engineering Art|C|e

% & x

2023 F, 555045, 5% 1 8

DOI: 10.12086/0ee.2023.220158

ETBE NS FE M & EI’J
FL AR BT 57 2 P 4%

B, O, %, BRE,
YheE™, mxEH", B "

VR R AR KRG E T E AL E,
e TRRSBE, K 400044;
L T ARBTG5 2 2B, U1 AR 610000
3%£$Ek$ﬁﬂgﬁﬁﬁﬂ K 400037;
IR R2ADUB TR 22BE, 1LZR BFRE 250000

HE: ATFEMABRERGM BB TFIURBEL M ARTEAEEZNEL, LS4 RE L& A TRER
B AT, & Attention 49 CNN A3 IR B P44 )2 41k £ 48 A 45%, a7 M £, M T VIT $edif 8 W& LT g s
PEERKF, fR)asiim £k 4R EE. ARIGB i ERA VIT Hefe £ Attention #9 CNN 32, 325 7 —FPsg 25449 A & m AR &k

LR E N, b TRABRR GRS F AL R RESIE, LIERIE VIT 3= 5% Attention 49 CNN 3k ) Bf LA R AT 44
HALE TR BN, AAAFAEATZRANESBTAIE LS, SRR RS AKRE. A, AIRE—FFE4
% AR, BIERMAAEATE A O AFAEGRO 0 A1 HARR RR AT ik, ABAR S TR S, Flhk
B AR AR 0 e A %15 5 95.14%, Ak VIT-B/16 38 T 9.73%, . FABNet 3247 7.6%; AEA 49 THULE £ Ao ki3
MM R IR (Pl ERA. M. SHAREH), SRETRMLENRBEm) S, BAhmE, AR
B AR A AT AR BT S AT R 2R 49 (state of the art) 47!,

FHER: BB TR, REF; AE RS, FURE; WESA

FESES: TP391.4 XHEARRRRD: A

Wy, WS, 2%, 5. BT HIENRLE R ORS  FLIRIE S 4% [J]. L TR, 2023, 50(1): 220158
Huang P, He P, Yang X, et al. Breast tumor grading network based on adaptive fusion and microscopic imaging[J]. Opto-
Electron Eng, 2023, 50(1): 220158

Breast tumor grading network based on adaptive
fusion and microscopic imaging

Huang Pan’, He Peng’, Yang Xing’, Luo Jiayang’, Xiao Hualiang™, Tian Sukun”, Feng Peng"*

'Key Laboratory of Optoelectronic Technology & Systems (Ministry of Education), College of Optoelectronic
Engineering, Chongqing University, Chongqing 400044, China;

?College of Computer and Network Security, Chengdu University of Technology, Chengdu, Sichuan 610000, China;

* Daping Hospital, Department of Pathology, Army Military Medical University, Chongging 400037, China;

*School of Mechanical Engineering, Shandong University, Jinan, Shandong 250000, China

s HEA: 2022-07-08; f&EIHEA: 2022-09-06; FH HEA: 2022-09-06

HEWH: FEAESUATRIEN A (2019YFC0605203); [F% [ AR A A4 W I H (52105265); P SERIHTIY G RTHHRR LI
P OhI H (cstc2020jcyj-msxmX0553)

*@IE1EE: M5, dpbl_xhl@163.com; M ZHf, sukhum169@hotmail.com; L%, coe-fp@cqu.edu.cn,

WA BT B ©2023 H B} B 't AL AR5 T

220158-1


mailto:dpbl_xhl@163.com
mailto:sukhum169@hotmail.com
mailto:coe-fp@cqu.edu.cn
https://doi.org/10.12086/oee.2023.220158

i, 2.t TR, 2023, 50(1): 220158

https://doi.org/10.12086/0ee.2023.220158

Abstract: Tumor grading based on microscopic imaging is critical for the diagnosis and prognosis of breast cancer,
which demands excellent accuracy and interpretability. Deep networks with CNN blocks combined with attention
currently offer better induction bias capabilities but low interpretability. In comparison, the deep network based on
VIiT blocks has stronger interpretability but less induction bias capabilities. To that end, we present an end-to-end
adaptive model fusion for deep networks that combine ViT and CNN blocks with integrated attention. However, the
existing model fusion methods suffer from negative fusion. Because there is no guarantee that both the ViT blocks
and the CNN blocks with integrated attention have acceptable feature representation capabilities, and secondly, the
great similarity between the two feature representations results in a lot of redundant information, resulting in a poor
model fusion capability. For that purpose, the adaptive model fusion approach suggested in this study consists of
multi-objective optimization, an adaptive feature representation metric, and adaptive feature fusion, thereby
significantly boosting the model's fusion capabilities. The accuracy of this model is 95.14%, which is 9.73% better
than that of ViT-B/16, and 7.6% better than that of FABNet; secondly, the visualization map of our model is more
focused on the regions of nuclear heterogeneity (e.g., mega nuclei, polymorphic nuclei, multi-nuclei, and dark
nuclei), which is more consistent with the regions of interest to pathologists. Overall, the proposed model

outperforms other state-of-the-art models in terms of accuracy and interpretability.

Keywords: microscopic imaging; interpretability; deep learning; adaptive fusion; breast cancer; tumor grading
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Table 1 Distribution of the number of ER IHC datasets for breast cancer

Parameter
Datasets
Grade | Grade Il Grade Il Image size Total
Training set 268 355 360 224x224 983
Validation set 90 118 120 224x224 328
Testing set 90 119 120 224%224 329
Total 448 592 600 224x224 1640
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AN, EHBAPSSRIEIERE (0142 | BER) s
FIWOL. S T TSR B REA A 2K L (T
WER, A SR RAST, WL (6).
R= P .
TP+FN

(6)

3.1.3 ¥R P)
e 2 s, oA TR TR BRI EEA R A £
D B EE Y BRPEREAS A SOl FHRE SR FR bR E

Fro38r, Hatiran= (7) Bos.
TP

P=—r—.
TP+FP

(7

3.1.4 F143%K (F1)
F1 5330, HRiFR A F 4344 (balanced F score),
B SCARE E AN PR e . Ha PR n=t (8)

Jls o
PxR

Fl=2x5—. )
3.1.5 ROC IR FHER (AUC)

A3fd FH ROC kAN AUC (area under ROC curve,
AUC) KPEM AR MERE . AR 53 2 A% By Tl 45 SR )
TR EEXTREAHEATHE Y, B AEAAE Ry B A2 e 0
PEAT T, AR 5 B BH PR (true positive rate,
TPR) =X (9), fERFHEZR (false positive rate, FPR) 4lI
X (10), TPR YEH ROC #h£k 99\4h, FPR /£~ ROC

HHEBIDE Lt

3.2 AMF F735H)ERRSLTE

J ik — 5T AMF J7 3kt AR R, A
SO R H AT A SR R UE . K 3 RTAT, FE
AMF J7 3 R [A] i 4 ] MOO ., AFRM Fl AFF J5 V5 (1)
SEYHERA IR R T 95.14%, ETFBA R AMF Jrik
) 69.00%, T 2AH T MOO Fiki 92.40%,
T 1 T MOO F1 AFRM J5¥: 19 93.92%.

3.3 PES REFHERIT LRI

S 4 AR, ASSCHE ) AMFNet AR 35 4
PRSI R 95.14%, PR =T FABNet [1) 87.54% ., ViT-
L/16 /) 79.94% . ViT-B/16 ] 85.41%. DenseNet+
HIENet i 85.71%. DenseNet+Nonlocal #% 83.89% .
DenseNet+CBAM )  82.98% 41 DenseNet+SENet [
82.67%. I, ASCHEH 1) AMFNet HH A e 3E 7
1 (State Of the Art, SOTA) A 5 44 i sgd 4> M fik .
BeAh, B 3 0T, ARSI AMF J73E 0] LI s
1 AMFNet IRERIEABET)

3.4 DRERAMULE

M 4 WREEAT T, ASSCHR Y AMFNet B8 i~
TR R A0k L 5GBS A, 2%
itk ZICRHURERE, TR o9 2 T
YHMIA% Y S AURR B . T LA SOTA #5754 (U FABNet)
SR T BB 7 S A% X RNF 22 | B A0 S R AR i A X,
TR R 2. L, 5 SOTA fAHLL,

TP
PRI AN O A3Ch iy AMPNet 75510 1T REVE O 0R S -2 45
epre_ FP 10) 5 B BN — 3.
TN+FP’ A, ASCH) H RS VIT F1 AMCNN #
A2 pRRFEEE
Table 2 Classification confusion matrix
Forecast result
Reality
Positive Negative
Positive True positive (TP) False negative (FN)
Negative False positive (FP) True negative (TN)

% 3 £ ERIHC % & 69 3UI 8 /4 B2 40 8 B MEF 2F AMF 7 ik 470 ik (X R TR, v &FH)
Table 3 Ablation of AMF method in ER IHC pathological microimaging of breast cancer

AMF method
Model Average acc/% P R F1 AUC
MOO AFRM AFF
X X v/ 69.00 0.6934 0.6900 0.6903 0.7643
v X X 92.40 0.9240 0.9240 0.9240 0.9423
AMFNet (ViT-AMCNN blocks)
v v X 93.92 0.9403 0.9392 0.9394 0.9532
v v v 95.14 0.9520 0.9514 0.9513 0.9617
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Table 4 Tumor grading accuracy of breast cancer ER IHC histopathology microscopic imaging

Model Grade l acc/%  Grade Il acc/%  Grade lll acc/%  Average acc/% P R F1 AUC
Inception V3*! 74.71 78.19 78.01 77.20 0.7721 0.7720 0.7717  0.8290
Xception V3*" 71.82 68.40 76.42 72.34 0.7226  0.7234 07226  0.7925
ResNet50°! 72.96 73.77 76.08 74.47 0.7524 0.7447 07439  0.8085
DenseNet121°" 82.80 77.53 81.63 80.55 0.8059 0.8055 0.8047  0.8541
DenseNet121+Nonlocal” 85.88 84.39 81.97 83.89 0.8396 0.8389 0.8391 0.8791
DenseNet121+SENet“" 79.55 83.27 84.39 82.67 0.8272 0.8267 0.8266  0.8700
DenseNet121+CBAM"™ 82.76 81.20 84.80 82.98 0.8307 0.8298 0.8294 0.8723
DenseNet121+HIENet"” 86.21 85.59 85.48 85.71 0.8585 0.8571 0.8572  0.8928
FABNet'"? 86.05 91.29 84.90 87.54 0.8765 0.8754 0.8752 0.9036
ViT-S/16%" 54.02 55.87 69.20 60.18 60.37  60.18  0.6023  0.6970
ViT-B/16%" 85.87 86.32 84.17 85.41 0.8546 0.8541 0.8541 0.8913
ViT-B/32%" 68.60 70.00 73.98 71.12 0.7114 07112 0.7107  0.7799
ViT-L/116%" 78.98 79.17 81.23 79.94 0.8113 0.7994 0.7987  0.8430
ViT-L/32%7 50.35 61.21 59.83 58.36 0.6018 0.5836 0.5774 0.6770
AMFNet (ours) 92.66 97.02 95.12 95.1417.6 0.9520 0.9514 09513 0.9617
B, FEAL I PR P RS A FOR BN VIT, Ry BR PR RE R UL, A SCBERLVER I LT VIT M
FFLA VIT-AMCNN Fr Rl AR 2R IA A 25 Re AMCNN B
R, (R B A AT R . AR AR 2 ] SLIA
4 Wie5aHh
Mm% B AMFNet 19 ] i BV UL T AMCNN A AU 17
SIET VIT BiA, X AT DINE 4 EH, RATEH 4.1 FERYH)RhYE o i T
FE DU E T AL, AMFNet (9] i BEPER L T4 50 H1 2.2 F1 2.3 1S al K. 1) MOO J5 ik

B AMCNN A RS, 1 HA 55 —iE L T VIiT-B/16
A, HATIRREREA . (EJR, DRt A i 4

FABNet
%::l?/l_ Polymorphic
-nucleus
ViT-B/16 i’
rollout e
ﬁ -
\' - el )
=e l c;q‘
F ‘ .,"vl..
AMFNet % & N >
s ’
rollout " " | L \
‘ t.\l'® ,’ \
-8 ;"‘ 3
&
it
L~

B4 5L ER IHC $ &4 mEmmm D

WA b5 SOTA AR HEAT I 7 4 B ss R 64 T MRk

[R]BHHAIE VAT Hefl AMCNN He ELA B 4EF 28R 1Y
fief1, M4 AMFNet BRI @l & 6E J1; 2) AFF

£ aa®.

PR L

Fig. 4 Visually interpretative results comparisons with SOTA and our method on the breast cancer IHC microscopic imaging
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J7 1 AE % S L [ 3& N AR B PR b KBR VIT B R
AMCNN He gt & J5 f 4R 2 B 1 T0 A 15 B, AT
1% AMFNet PR @l & 68 775 3) AFRM Jy il i
FEE R, BRI SR VIT F1 AMCNN B
SRR FROR I A HEA A0 Z R A BE S, NI R I il
BRHEA R TUAR N, SR 4 5 AMFNet B Rl 5
CEWAR

AN, MOO Jrik s s e T VIT Htf1 AMC
PEA RIFMRHMERIRGE )], R 0 S R
FIARAS , T AFF J7 876 MOO ik fg3kal B, HiEN
IR I L 25 R AR RS PN R RS R AR AR P Th I TOARAE B
E— 2 m TARANEL S BE I M ff A I, e
AT AFRM J7 A SO HIIF T VIT Bfl AMC B
FIrE R R R R Z RN A AR LS, 3 — 242 T TR
e 1. B2, M MOO. AFF fil AFRM ft 4 1 19
AMF J5 1 45 2 Hb /% Pe T AMFNet [ £ Fil 45 7]
M 4&FF AMFNet £ 21 il & g 77, #F 4 o 1
AMFNet [958 7 S AERA 7

4.2 REIFATIRRE

Hi 2.4 TR SEE A AT 1, 5 SOTA BEASAH L,
AR S A 23 AMENet F85 BF i 5G 1 40 Jf 27 5 8
X, BNzt B, Z2IREMRERS. X 5%
PREEA P ORI X BNV, BN S BE A AR
Koo B, ASCHrHEH E AMFNet B BE R ATH
B LG 1Y iR R A R R 0 S ME R o AR Sy
AMFNet 781 — g R B [ Aok T 90 i 3 R R 15
MU B2 Wk i T SR AN SR A [l

4.3 BRIRZHEEN ST

ARICN T HHIE AMFNet J73 B9z AL AE S fikase ik,
A A4 M 20 2005 B L4 Rl A (4214 5K BRI
&, BARunge s pim) LibAT T oes . Horh il gk
T4 A6 UE SR AT R IR 6:2:2 I el b AT R0 4y, H:
Tl ZR4E 2532 9K, BRESE 841 K, DAL 841 5K,
LA S 25155 LR 4H 2008 BRI £ S 06 (s —
o MR SURIEEIR M SCI LS R A% 6 M 5 P,

A5 BRALHEBRIKEEREI AL

Table 5 Distribution of the number of brain cancer histopathology image datasets

Datasets Grade | Grade I Grade Il Grade IV Total

Training set 276 492 873 891 2532

Validation set 91 164 290 296 841

Testing set 91 164 290 296 841

Total 458 820 1453 1483 4214

A 6 4Lk B B AR I I8 o R A R e b A
Table 6 Comparison table of tumor grading accuracy of histopathological images of brain cancer
Metrics
Model

Grade | acc/% Grade Il acc/% Grade Ill acc/% Grade IV acc/% Average acc/% P R F1 AUC
Inception V3! 84.16 68.11 80.62 78.05 77.76 0.7779 0.7776 0.7766 0.8575
Xception V3% 84.95 72.34 78.31 80.80 78.83 0.7976 0.7883 0.7874 0.8588
ResNet50"" 82.00 65.62 66.43 71.12 69.80 0.6963 0.6980 0.6961 0.8091
DenseNet121 87.05 7475 74.86 81.75 78.95 0.7978 0.7895 0.7858 0.8625
DenseNet121+Nonlocal” 91.84 81.90 86.70 89.39 87.40 0.8763 0.8740 0.8727 0.9195
DenseNet121+SENet"! 96.22 84.97 88.05 90.25 89.18 0.8925 0.8918 0.8911 0.9279
DenseNet121+CBAM"? 92.71 82.00 89.04 86.77 87.40 0.8750 0.8740 0.8726 0.9162
DenseNet121+HIENet"” 95.70 85.99 87.81 87.50 88.23 0.8851 0.8823 0.8820 0.9244
FABNet" 93.68 87.70 90.97 90.82 90.61 0.9072 0.9061 0.9057 0.9391
ViT-S/16%" 65.98 46.98 65.97 69.73 64.21 0.6375 0.6421 0.6359 0.7489
ViT-B/16%" 83.90 80.00 87.83 86.83 85.61 0.8618 0.8561 0.8553 0.9028
ViT-B/328" 81.48 62.59 78.93 77.20 75.74 0.7550 0.7574 0.7541 0.8319
ViT-L/16%" 70.79 54.49 72.05 73.56 69.32 0.6897 0.6932 0.6902 0.7808
ViT-L/32%" 75.49 58.02 73.76 75.08 71.70 0.7152 0.7170 0.7134 0.8084
AMFNet (ours) 98.32 93.38 94.30 93.90 94.4173.8 09451 0.9441 0.9442 0.9611
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Fig. 5 Comparison of visualization results of histopathological images of brain cancer
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Breast tumor grading network based on adaptive
fusion and microscopic imaging

Huang Pan', He Peng’, Yang Xing’, Luo Jiayang, Xiao Hualiang™, Tian Sukun”, Feng Peng""
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Overview: Breast cancer is the most common cancer among women. Tumor grading based on microscopic imaging is
important for the diagnosis and prognosis of breast cancer, and the results need to be highly accurate and interpretable.
Breast cancer tumor grading relies on pathologists to assess the morphological status of tissues and cells in the
microscopic images of tissue sections, such as tissue differentiation, nuclear isotypes, and mitotic counts. A strong
statistical correlation between the hematoxylin-Eosin (HE) stained microscopic imaging samples and the progesterone
Receptor (ER) immunohistochemically (IHC) stained microscopic imaging samples has been documented, i.e., the ER
status is strongly correlated with the tumor tissue grading. Therefore, it is a meaningful task to use deep learning models
to research the breast tumor grading in ER IHC pathology images exploratively. At present, the CNN module
integrating attention has a strong ability of induction bias but poor interpretability, while the Vision Transformer (ViT)
block-based deep network has better interpretability but weaker ability of induction bias. In this paper, we propose an
end-to-end deep network with adaptive model fusion by fusing ViT blocks and CNN blocks with integrated attention.
Due to the negative fusion phenomenon of the existing model fusion methods, while it is impossible to guarantee that
ViT blocks and CNN blocks with integrated attention have good feature representation capability at the same time; in
addition, the high similarity and redundant information between the two feature representations lead to a poor model
fusion capability. To this end, this paper proposes an adaptive model fusion method that includes multi-objective
optimization, adaptive feature representation metric, and adaptive feature fusion, which effectively improves the fusion
ability of the model. The accuracy of the model is 95.14%, which is 9.73% better than that of ViT-B/16 and 7.6% better
than that of FABNet. The visualization of the model focuses more on the regions of nuclear heterogeneity (e.g., giant
nuclei, polymorphic nuclei, multinuclei and dark nuclei), which is more consistent with the regions of interest to
pathologists. Overall, the proposed model outperforms the current state-of-the-art model in terms of accuracy and
interpretability.
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