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Application of deep learning in tumor histopathological
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Abstract Many applications of whole slide imaging technology in the field of pathology have been verified since it was
proposed in 1999. In recent years, the application of artificial intelligence (AI) technology in the field of medical
diagnosis has not only provided new ideas for improving healthcare, but also set off a new wave of research in the
field of tumor pathology. As an emerging means of Al implementation, deep learning (DL) shows great potential in

the analysis of histopathological images, such as the detection, classification, metastasis, and prognosis prediction
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of tumors, in the context of big data and digital microscopy technology. Traditional pathological diagnosis results

are affected by the pathologists’ personal knowledge, clinical experience, and logical way of thinking; such results

are subjective and have low repetition rate. As a new technology, Al can help pathologists in making pathological

diagnosis, avoid the above mentioned issues to a certain extent, reduce artificial errors, improve the accuracy and

repetition rate of pathological diagnosis, and support real-time diagnosis decision. These advantages can not only

ease the pressure on medical and health resources, but also support precision medicine. This article reviews the

status quo, opportunities and challenges of DL application in pathological image analysis of lung cancer, breast

cancer and prostate cancer, and discusses the problems in model development and application supervision from

the perspective of pathologists.
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Table 1 Application of deep learning in lung tumor histopathological images
X . s, R - g - '
27230k HAZRE  Plh /3K . o SEUE S5 RUERRL SEROHERA AN/ SR
Tk %k
. Mk % X AUCHO0.97; AUC>
Coudray, 2018" R /MM 1176/459  HE X 20 Rt X W2 » »
i 0.733~0.856
Gertych, 2019%" e 110 HE x20  HZATR CNN 89.24%.
AUC20.97; FI¥Kappats
Wei, 2019 Ak 422 HE — EEEAE 3\ R CNN  43H0.525, F3—FtkR
66.6%
TN/
. 89.8%; 15WIHfE L ITE
N i BT SN N
Wang, 2018 SR 27/150 HE X 40 = CNN R AFIESLACEE
A\ 5w o e
! LT 45 AR
etk
x 10, iR G SRS,
Saltz, 2018"" A 5202 HE x 2071 Hiljs CNN  TILI A B R 53 (] 434
X 40 A RATIUR SRR AN K
eERMs \
Yi, 2018 P e 108 HE X 20 Sl AT SR S BUR EARX
4% (FCN)
Wane. 2019 Sl Lov4sht x 208k AR ony | 7O%99.3%: HTAINIE
ang, frony .
& R X 40 R TR R

TEFL IR Fe B 7w, R AR B p EE R
RO, 58EIRTMUS BB,
Litjens45E PO gk ) C NN B B 0] LS I L B 9
SR N7 R DTS B SR P o o L
P LA b R A B B B % (0.2~2.0 mm) R
et (>2 mm) B9 HEH R 55 90% MM 93% . fF
CAMELYON 168 FE T 1, 3 LI Ik 11 25
P 9 202U BRGSO &, ICIER R C ik 2
88.9% . Liu%F Uil b 2% o FLMR KW M 41 212 45
fik, Y2k CN N Y 2 Wy L o ok L2 465 5% 2% 1)
3 3588.6%, P T FEM B Lol 5 5 54K 64 7
2% 58(73.3%) . Campanella®: /7544 7325k 4141
o HR PR HE R 1 4 3t 22 52 9] 2 > R CNINSE 2 (L v
FLIR I e ¥ 22 TR0 es kL 25 n St AR 3k o 8945K) . %
A 0 TR L R T CEL 25 B 7 Y SRR iR 1009, 1
i1 % 3596.5%

50N L g T 5 T, AR A KA 7%
{&-2(human epidermal growth factor receptor 2,
HER-2) V173 31 Ak 7L i 0 7 — 300 248 A
Vandenberghe%m]%ﬁ% “ConvNets” DL 1]
PAEATHER-2 [ 835y, 7E7101 5L IR HBR-2 5 )
H 214k %: (immunohistochemistry, THC)4e K%

I, HATAr 5 A R4 1) — B N 83% .,
TETUPAC16Pk M 8™ I, BT Rritftis215k L
JRFEEWST, 8 2o 20 AT 22 53 4k DAk iR 1 7
TR E WS . 7E T A AR It M DL AL
AR Kappaft }90.567(95%CI 0.464~0.671) .
Wahab %5 25 1o L 98 20 2L BRI 25 9 B B
CNNAHIAY, 5P 20 M A7 22 o3 R RAR AT 22 5y 24109 43
2%, FHFRMAF0.79, AT WLIZAR R REXT A0 A 22
G RARAER 22 5y AT A RCGRN R 432, fE—E
PR b N TR 2% . Turkki%: 5@ i CNNFI
R s bl , AUl 2L AR i AL U B IEE, wal g
FEAS 3 by v sl AICRURS: PE 43 (digital risk score, DRS)
KA BTG . fERAR AT, DRSAY
RN AL R A AR B BB o 2.10(95%ClL:
1.33~3.32), fEZ75HCoxfi I, DRS/FIEAIIR
S LR 9 RR R R AR R S w I [ F
a6 H }2.04(95%CI: 1.20~3.44), DRSATZH I
HERIE 50.60(95%CI: 0.55~0.65), i % T 4l
FE A 11 95 L 27 5 0000 1) U 1 %50 0.58 (95%CT
0.53~0.63) o HE/RTEBEA AR AR OLT , o
A2 MG PEAS BB 5 TUs B — s nl ATk

DL E#FSE (F62) 4% . DLTE FLIR I A i 12



1458

I R 59 i 2 i, 2021, 41(6) http://Icblamegroups.com

N NGELE AR ST E ) S S 240 A i
HER-2 H S LIHCIE 43, A7 Bk kb 38 2= I AE 5] 7
o UEAT S B2 TG T O AR, i B e B I O A
PR A L2 T

2.3 REFIER Y IREAELRFEBRG P LA
TERTH IR Wi T T, Litjens: 940 A 2254
A 28 RIS R AR A, B S AR X i 8 g kA
HER R 5 150.99, BEAEWFSEH, BlEEZ RIRT
BOE KW R, S KRR AR . T
I, Campanella%ﬁ[m@jT*fﬁﬂﬁﬁﬂﬂ%%ﬁﬁ”
T 4G 2H 4 B PR AR 808 4 (312 1605k, Horp R
9 7365k, Mtk2 4245K), H#70% AR N Ik
8, TELZHI% S FUIZCNNELR, ZBR2 K
HIB BRI A AUC 5 140.98, HE7% B 0] fig i FH T I IR
P ZhouEH FH DL ST i 51 B % Gleason 1T
SV AR R %?E%%ﬁﬁﬁiﬁﬁ(The Cancer

R REFIEIAREAAREE G HHN A

Genome Atlas, TCGA)FHA7MiK ., FHELAERX D
Gleason 433 +4 F14+3 1 WSTIY B /A0RS 1 15 5 75%

A T T 8 R TR I, Arvanit s 05 i
2] 64 1 5 i L 23 BRI R, IR BE kAT
GleasontF/ ) DLIR il —— “MobileNet” , Jf-fifi
FHZAB AR I AR AL . w2
P 2.4 90 B2 52 43 o e R rhoidt ST AT TR A
PR Kappafti 40 31 00.75F10.71, $E/R1ZB R 5
LR R R S WA R — B R, B2
25 B3R 19 B 2 58 7K Y- (Kappafi0.71) o

DL EWFSE (3R3)F . DL 2WiHBEAHS &
TERT A MR BOGRR AR 12 W AR KT, A2
AN IR . SR SE bR TAES T, — kATl A
ATREE I A2, WrlRet &N EdH s, Bl ig
AEAE AR A 22, I Ao i 7 g L s U AR 4R
A NG5 Je 3% 5 TR AT 2% FH b i o8 R B2
Wi, X A S AR R T B Y

Table 2 Application of deep learning in histopathological images of breast cancer
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Table 3 Application of deep learning in pathological images of prostate cancer tissues
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