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Artificial intelligence pathology in the age of oncology precision medicine:

applications and challenges

PING Yi-Fang', YAN Hong™’, BIAN Xiu-Wu"**
(1 Institute of Pathology, Southwest Hospital, Army Medical University, Chongqing 400038, China; 2 Department of
Pathology, the First Hospital Affiliated to University of Science & Technology of China, Hefei 230036, China;
3 Department of Pathology, School of Basic Medical Sciences, Southern Medical University, Guangzhou 510230, China)

Abstract: The development of digital pathology and advances in computer vision algorithms have promoted the
application of artificial intelligence (Al) technology in the field of tumor pathology. To date, Al pathology has
shown a good application prospect in tumor diagnosis, guiding treatment strategy selection, curative effect
evaluation and prognosis prediction. The application of Al in tumor pathology not only contributes to improve

diagnostic accuracy and objectivity, but also reduces the workload of pathologists, laying a good foundation for
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accurate diagnosis and treatment of tumors and individualized management of tumor patients. Herein, we present an

overview on how to integrate Al pathology into the workflow of precision oncology and discuss the challenges and

opportunities, as well as the corresponding strategies when applying Al in pathology.

Key words: artificial intelligence; digital pathology; tumor; precision medicine

AR bR A G N SR I B R . UL
FEHE 1y R0 VR ) R 1 b e B S0 A DL R i e
TWMEREEE . RAE D THRAE. O AR 2 TS R A
AR TT PR AR F0 T4 R R 12 TR RUR &
KEE, WAETHEIEARKERE. B A
BAEW A RS, N L fiE (artificial intelligence,
Al B&BEE NG I H .. “ N TR Refe
G e 12 A I 09 0 B R N R
A FE AR AR A R 2 —

HAT, JWEA A B2 W “ SRt
A5 Gt 95 B 2H 2% 25 10 015 22 MO T B 5 M I 42
B, MTEMESEE. 2 T7EE. A%EENS
WG WRIATEE RN, W EEE R TR A )
S P ORI AN TR RE I 45 S (R gk K 12
ST SEEL ™M,y D B S T A T, SIS
HiIE e HS W B R =

9T S R R AN R RE IR 2 WA (OO T
50, HHBEUMEKKRAEEZAREFEmMLLX A
PLER 22 I FR L2 ). Bl 2l & — Ml M,
LT EHLNEAE 2 2T BB 7, AT SeE 7 B A
ORIREARL B, PR B 2 ) U — FhpLeS 2 5 i, B
PR S M 2 Rl 2 2 Ragt, MWRALEHE
B 2 SRR R OR B, B A9 B B R R AT T
PERE MR RL U #E N T R B A, (R
12 A 28 W 485 2 5 A A 22 X 4% (convolutional neural
network, CNN), fEAFER M2, XH/MES W2
hiE B N LR Be R ar 1A% O (B 1),

FENE, FRATEE 7N T B BEAE RS HE =
ST R E R, IR TN TR AR I I R A AT s

OBk, SRt T I T A SR R R M 1
T O R e

1 AIEgEREFLARDE. EXEAIR

Toi BN LR AR T 2807 IR o Tl o T 0D ik
& 2 G A4 B %07 V) v BMR (whole slide image,
WSI) HHACH) H a3 BRI iE e WSz
(177 sOAETE B W U AL G R Ase T B . H b,
£ T WSI 3z Fa 90 B2 W O s B 0 222 1B
—iar. AU S FEALAE E O AT 1R A S

BIRME M 2%

Bl AITEENTRIRX

PR BRI T8 e ML L (R R 1) R R Af 45
ANG O SRR BT A O RE . JERRI
B AE R R 2 i LR AR B, B0l “ e fn”
B BB A AR AL AL Bt G, BT AR R
SR EME R B AR —, A5 Rk
ANFERTH, [FE R &5k U By seil 2 Fhje
HHE KRS SR E S W e tE . Bl BRse
WIRER Y R /b R R R i Bl
1.1 ATEEFREFLRNE

RN TR RE R N TR RS, XHs
PR ERY) e T 120, Hrh i B R 2 3
N R A, R 2 BN TR BRI O%
B ET RO R R E N T Rt T
RS $% . 1997 4, Bacus Laboratoties Inc. KA T
B2V BAGUREEA, R A
PO NPRIE R FEPY B . 2003 4, FREEHAMHE 2]
ARG R G0t 27 e Bl w AR, FET 2009 AR E
AR E. 2017 F 4 H, R IntelliSite 55
PR R J7 % (PIPS) 55 [F FDA bt 177, x/&4
BRI 4 FDA #UHER R 2 V) g R 4e. e
Al 297 /A 7] Paige [ B & )4 A\ Thomas Fuchs &
UK TTE i B %% (computational pathology) & X N
T LA 5E MR 1 7 A B — 50 B2 v R AT I
REE, BOKs2ie it goit i R B A 47 2 0
P& B —AN G —RHESE T, DU 3 2 i i &)



N T REJR A IR HE T i AR 2 P 5 Pk e 931

SR R 1P T S99 B2 (A R AR AT N L e S
ARIEBE N 24008, DALAS 57 S BOE TR I 2 2T 1Y
Jr AL H BN TR BE R SR BLSe BT 5L
Wiz W, HVIRSS TR BRI A B2 W R 48, &
A ULSEILZ W2 ik . AL S AR AL .
1.2 ATEREREFHNLREAERSERIZETRT
R, BUMEEEFFIERE

BEE TR B A BR,  TH SR B M A E
Ve A e . N R REAS TR R Xof fry i B a2t
TS T, IREREIZERCE, SR
M AR B, AERSIR I I B L R A
AR EMH R . BEAh, N R B A
S (R AR TR IR B R T R RS, L AT AS [ By T
PE, EIBRIE . =G SRORBR B Ow B AR K 55
21
13 RRMERBISEFIRN: BHFUTIEREL
LEN N

Y B EHR S T A% G B2 W R T A
Jia, SEBLT AT LA EE (K 7K A A A7 RS B2 A3 R
HEFE A . HAT, E R 2 = HEE Bn
BRI T AR AR SR, ST ia e
L2 W, COVID-19 Fefisar Boyr Al ik 7 E K
Bk ANERZ (R FEm, 2T IR B IS 7T, AR
W24, WEEHE B T2 Wi AR fer A AT i e
W A T RO A R R P 2020 4E 2 H &
4 H, ey 2 R BR T 2 B
FBHERIT > 2oy SR BR o2k G o o B2 B A5 B o
RAGUTfE 7R HEZHNERE 12, AR 1

AT E#EmE

¥ f= F i

JUA ) S M T B 4 2 AN RIS R ) A
TREI S W R G PROE R o

2 AIEREREBETMHMESEFENMR
R R RIS

AN TR s BHLE i g A3k i) 2 FH 38R 25 T 4
WiizWr. $8 67 RIGIERE . VRN IR T AL A T
a7 (B 2).

2.1 AL E&RIEHENIZE

TEIRER A, N T RETE 12 WA AN LB
15 95 LA 7 T A T AR KR BN, BT X 1
Jieg R DAL IR . il RO AU AR B MR
G RSN E 2 .

2.1.1  FLYE

SR g8 AT I T R EE N T e e - 1) AT
Z —. CAMYLEONI6 5% 383 K H 23 A~HIBA 1
32 PPARLVERN 11 AR BRI 20, HEaEr 5 AL
B e SRR 5 LR e VbR L 8 Bl A% T T 1) ST 24 v
WA TR BRSO U, B S, ol A R A B 42
B3 7 HAF It RE, MERRATIA S 99% . Araujo
26 U7 32 i CNN St LR i A LR kAT 7 0 3,

et 7k

U732 (IEH R L RYEGN  JR AR AR 28 )
HIHERA 9 77.8%, — 732K (A AR 4 ) 1 v

T B2y 83.3%, R AS B BURREE DN 95.6%, FLIIR
Jit G H UL 2 G T o R BN TR e K 1
. 2016 SEX4 1K) PathSoc K4l T HF AT
HHeM B 2 NR K AE KR T 524k 2 (human epidermal
growth factor receptor-2, HER2) ¥ 73 tb 2%, &5 Rk

— BT

B I 5
— YT I

RBIRTBEE

i3 1€ 40 A K iR

L

| Wiy, by
EEIETT

— Y-
#i 4B B 7 9T 3

53 9% HD 1 37U i 77 B9 R B #0551

E2 ATEaEmREEMBESNA



932 AR

344

BN L BEf HER2 V¥ 4011t T 51 % 55 1", 2020
B, ZARGRIZWHRIENE R XIS R BUR
PR S 23 ) 89.44%, 85.05% Fl1 95.23%,
Bt 53R PE R X R Ki67 BH M R RS B N
99.4% ",
2.1.2  filidE

75 N T GEs B IS W ) T, Ocampo %5 2
FIH TCGA SRR E TR EY R BRI 2k TR FE %
>] %37 Inception V3, 1K 79 2H 23RN 1E 5 2H 23 () i
HRIRE] 99%, X 7 i AR R THE i 0k 3] 97%,
7] B I 2% 12 2 Tt i e v A i DL R R AR R
K, KIFA 6/ (STK11. EGFR. FATI. SETBPI.
KRAS 1 TP53) A LA 22 EAZ H F50, - At 2 A
L E] 73%~86%. LAk, Ardila 25 PR T —FhE
JEE 5 S SR, 38 Ik it e ARG R B TE SR T = A
(low-dose computed tomography, LDCT) &1 FilJp Fi
PRI 1) vy T i 2% 2T, SIZIIL Jeb %) T 1 o 6 A R TR A
FIr, Gk T RS A
2.1.3 5 RS

FEHT A B o B 2 h R IR B 7 S & i 1
IR K% /5. Pantanowitz 25 it 2 R & &
W28 B, P B SRR G Y 100 22 75 5K i 41 i
TER ) i BRI AT 5 2], R ARE W] e
G RK/NFIJE B S (AR A0, CEAS DN AT 4 e
T~ Y 98% FBBURCIE A 97% M Hs k. B —
TR FE ., CNN AU 4 37 T 225 5K WST B DUk
RG22l TAERAAE M 42T B T R (area
under receiver operating curve, AUC) i5%1] 0.99, Gleason
G302 T A Mg o 3 R R E BRI A8 — o Bulten
2 P R H B 1R BE 2 ST I AT 81 R Gleason
SR, E B FEMERAE AEEN
99%.
2.1.4 HAL RGN

ARG IR IZ W N TR e 7t £ BAE R A
96 AN 45 B0 /5 T . Sharma 25 ) SR 2 Fhig JE
)R BRI AT 2R, HEMR TR
B 9 4 R TR B IR 69.9%, X PR AT AL s (1)
R0 B2 0Tk 81.4%, HI T 9/R8 2 R 1) i 40 A il
R, R AR RAEE 5 AR,
g A SIS P e A L i e R D o = 2
WA 25 2 23 rb i DL s P N R 4 . Kanavati A1
Tsuneki “* Y| ZRik 24 SRR, M BCF 1 A box B
kg M g AT 2 25, 3RAF T 0.95~0.99 Y8 FEl N 1
AUC., HAHFE ORI T3R5 I8 B 45

IR Vi A v X4 e A e Fr0 s g 7
2.1.5 & RGN

57 EA=AD'N SN URAR |, 5 % SN |
TR A% PO AR 4T A B A Y
SR AR AL IR BAR T 1% E B BRI R F T oG 4 47 B A
Ao X AR TV I B AT LR AGRE Sk A, I8 3
Pod g, HESEHE A 58212, Jin
2 DR R BE 2 S HOR, $% R 2016 4F i WHO
WX 28 2 Gt i JRE Jr MR 1) AR i, 45 & IDH A
1p/19q IRAS, BT O e 58 IS 3R AT 5 R4 Y
Wi, Zadeh Shirazi %5 P % % 740 5 R £ 40 o g8 41
G R RIS SRR . AR . A
SR 1 2E DX AN PR R IR BE A I IX L 4
ERBE JE) 16 DX R 40 i g A BE DX 7 AN A [7) g Jie g X 3,
BEAT BB X oy, ST, AN W R DX 3 Al
RS54 B BE b 1R #2502 X 32 R 3R A, 1 AS [R] X 481
B[RRI REAE ] A 24 T 26 3 i)
2.1.6  4HffuZEiZ W

Zhu %5 PV 2 PO ISR T R 81 000
TS R AR A, A% K HE TBS 2 W Bk k4T
RIRE, BEZFEAIT R H BN TR
R f B 2 2 R4 L 2 TBS 43 2512 2 %t (AIATBS
system). 2 25 H 0y FIFHE 14 56 UE 25 SR UE 5, ATATBS
RGTERFr A A m R R E R, R T
o 4 U 41 A7 S T K UK, IR RE S E R
Ml et KRR AR . 7R 5 — T AL,
Kaneko %5 U3 JF & 7 — 56T AN T8 R IR 40 it
O RARGE, BRGSO (R SEME (FE
B EOEYE ), HERRRI T 90%, HEE T T
YHAEA N 51T U IR e R 7K
2.1.7  EFXHZREIE RN TR AR ELL I g

AR, O 2T 5TiE N T3 AR 12
L R IE. 141, Khosravi 2 P9 R % — P AL T
BRPEMS TR, 4> T IEE A 4R
FEA AR 2 o), 2 i S0 2 R 4 b B R AR
PR BN 5 LR A P bR B 22 TR 1 (X 55 DA s
e AR L IR P G 2 AL S S e B R o i,
XA AR AL FFEAARFEE, Ahs &Y
AHVF43 77 TH 8RS 06 B 43 I8 2 100%. 92%. 95%
1 69%. Lu %5 PP AR 55 a7 B (0 95 A AR A0 et
(Hematoxylin-Eosin, HE) Ji #L U] /., @ik A T % G
WO, wnT LAar e R SR R i R e s, AR e
FEXTEATA 2 2R SRR AT ToOil, A e R BRI
85%.



£y

PEKTT . A N TR RSB RS I B T I AR B 5 Bk il 933

2.2 AT EEeRIBISHITEIATT RESIEFEFITTTlh
75 E IR A

iz N TR e AR T LUK 835 07697 R 3k AT
TS VAL, E M 4% 30 & B MBI T T 56,
BAEER BT IT . SERVRTT, BUE TR N S
TBIT 5.
221 AN THE BRI S5 T6 97 SREg L $

2020 4, Skrede 2 PV U HE T 5 1200 £ 55
sk 45 e o BRI 1) 4 DA RS, RN T
REREAT 2R, 20 HE AT A Rt il 1 /= 1) BB R A
IRy 3% 5 H TI~IIT B &5 i e v G 75 Sl Bh A7 &
WEG 7k BRI . B B AT AR 40%~70% )7L I
Je B R R S 2, BT A R IR O
bR, XUBREAREIFAFEFAR D, Rifi, MBR¥
B L7l B A S R T R TV TG AR Rl 7L e B
il &5 TC ok B e 1) JB s . 2022 48, Pfob 4 M)l
ZRIFIAE T — FLES 2 S B (R RE T B
o), B A 85 MR R S 2 A B A R AR 5
A SRS I S HE B A LR e AR T A B R B Ve T
S A5 B bR (s B e Bl R A e B L A5 FE A ),
B T ADLERFR,

N T s BEA2 W S w3 ml FH 1 ot s 3 2k
Je e 50 A8 FH A B YR TT SRS . BUER R, WA
FL 3k ¥R 9% 7 (HPV) BX, Epstein Barr J5 # (EBV) 25 (1)
FELE V] S SRR JT KL HE . thin, EBV AHICHY
B R iR T R R Y BEAE 2 @ sy
TR BT B AFAE MR F Y M, a4, R
& ] R R BE A 2] 7 e H - V) ) S 290 i e
HF HPV A & R 16 EBV IR GL3E AT 10, AR TT
SRS PR TR Ry 2K

AR, BT E STV, WhiRR PR
MIBE T 244 1 (PD-1) U 7 1t 40 Jf 26 T 44 1
(PD-L1) PL & PTAm MR T W E 40 bR 4 (CTLA-
4) 55, O 2 NI RIS IE 52 0] A R E K £ sk
R B I R YT, BT R O i e Ok
I firh 988 122 T Uk L A M F s TR R A, 4R A TR 43
MRRAEZ Ja, BT LAY ZRALE8 5 2 4 S8 48 ok [X 40 %
1 PD-1 B 5 [ Hi 44 nivolumab 4 [ N 5L TC W [
A /N 21 o i g B 2 1%, Corredo &5 P g FH 2Kl
B TAEGAE, 8B A 5 2] R XS G 95 4H i A i g
UM EAT 4328, FEREIAR W R 0 7 (A A HAE
(SpaTILs PF-43 ) Mg I i vbk 2 40 B A 1) 2% P A
45 JRAIE S IR He P73 v] T4 v T 52 R R e o
FRINZE

222 AN LEGEHEIZW 51677 0TS

BOE A 4 1) N T R ASE 2 FL N L g e o ke B
WITIT IR 7T, K2 T /NREAR Bt [A]
YA LR B S — RS G, R ek AT
TP EAE . £ XX L2 1] B, Feng 25 ™ W &
T A A A A AR PR 2 PR A
REIE () L e e B 797 RS Y (RAPIDS),
FHAE 2 O A HCHE B A0 B P I R R 56 v 52 B
IGE, NG IR _E B s AR E T SR 45 T 8
FE.

BT gk A s A VA IT (ICIs) fE IR IR 1Y
TN, T BTN BT OB AE bR IC ), DA
TELFRIEIT R WRLL B3 AL 2 IR 5 A8 F B R
SR T8 BB vknt PD-L1 #6477 iF48, kA dE
AN Rt B PR BY R E R B BRI 2 T
XA, W BN TR Re A3 7FAd PD-L1 /& /i
Jo 55 e AN b (VK 2 () A7 LE i BEAR DG . kAt
BT BRI AR AT R T 5 S 98 40 MG e 58 V6 97 11
S, 40 CD8 k4. g i O ik T
Y B (Treg) it S A4 SR A% 0o Jif 988 X 35 FrD vk E 40 PR32
BT ik, X el R DR A TN ICTs A Rt
fdeds B Rk, AE@A AR R TE S
REIRIT AT ). £ R —OWP 5 H, Dawood
S IIHRIT I B AR B g L UM R
IR S5 A IE Rk B ST T AL, BARTAR
NS IBIT BRRNL [X o e RS R AN IE H MR 4
SR E X PR TS5 A B R AT N R, — D7 Tl v
T I5E 4 /580 IR N5 P it g, 5 — D T UG
JT R B AFAE ™ BB . X SR B VR FE 2 213 m] RE Tt
SR YU BT S TRV I S AN
2.3 AL EEEHRIBISHI7E FUN 2 & S P RO R A
2.3.1  JE T B A RRAE R 90 FOUI S

TRIE 2 2] ] DL SRAS AN ) B S B e X
(95 BRARAE . Wang 25 00 3 3o 00 52 4 3% e flt e %50 7
BIE L1 22 MFIERBIEMIB S, TFR T 454
ERHIE M TR A AL . 78 55— A T 3 iy g A it
g O LB A . g5 E e Bt AL e Y
BAB AR 7 2R 5, h PRl T A
Jao BT M4, TR AR 1A o ik I A AR AR
ZoyE. Li %5 Y IR T — R 8 Sh AL W Ui )
N T BRI 5L RS 057G R0 1 I R
JEARZRA, TR, FEn] O TS
2.3.2 IR A R I N TR B B SR

WL GE A TOE e & VPG TS R0 43 I (e i VR o7



934 AR

344

WP — e R R, BEBRE Sy F
A& H H B oK T E AR Ik 2 45 (metastatic
lymph node, MLN) ¥ #) 3: 8 )55, Wang 4 ) 2
T — AR IHESE, Tk g 20
B, DATR i bk E 65 A g X3, AR 5 48 7 i 88 T
15 MLN [HAR L% (tumor-area-to-MLN-area ratio,
T/MLN). 23t I 455 iy, o ko il 14 fe 5 &
9 MR B A 5 Y, IRAE NS 1 g BB
R3] 15,
2.3.3 T o0 ERRAE B A SRR A 1 R TS
TR T B s Y

B9 BE F A1 A 7] PathAl [FAF 70N G2 3 HY
T — R T R ) BEHE SRR AE (human-interpretable
image features, HIFs) FililIlfi R AH G 7> R AL 7%,
WE B IX 28 HIFs 5 Mo A S b S AH G, IR RETi
WA F 73 TR, G5 i Rl B R IA M
[F] 5 AL B 7, T HE Qe ¥ ) 2 &0
AT DATRIN &5 B it B A Ra e U, IR E
A e 72 4 AP G, 2 208 L D) ) 2 TR) G 2R, R A i 8 4
JRLAE A [ e e SR S5 o (R ik 7 7], AT PEAS R/
2 ff i e ¥ TS 7. 7E R 19 TCGA 19 13 i i
AN 5202 5k 3 A L, Saltz 45 U0 2k 7 TIL R,
¥ K57 WM MR thoh, 46
9% 2 B AN 2 ) 28 231 100 A B 55 8 R TS A 0%,
fEd E g 7, B U Rk U i g
FIUESE
234 RGN TR RETUE PN 7%

BEE N TR ReHAR 5 By RE s 1 il & A B
N FETRAAR . o 3 S (R 8 1) R B 42 40 8 7 v
RFERH, 2 HEREE AT E AR i, S
SIS e A o T T ¥ T Rk B R
T 981 o1l =yt e A 4 B s B i B T T 2 2
Bt L PR K s B ER R @R A B G I TT R0m
DMIAERY, 25 B I8 7 OB S A5 2 T 28 e I %5 v T
TR G B T AN, TR CT 1%
A AR b A I R A BN TR e A T AL
T 45 B e BB AR M TE B A A7 7. Cesselli
LU NIGR(G B W& B%. FRBW. 4
ZURES . RS R, B — R i s )
S, AR T 2% R ) A2 A7 . Mobadersany
26 UV R TCGA 1 769 B i BORAEAS, 857 1 Bk
G REY) A BG FREAE BN A S
TR ZE 2% (SCNNs) 8, R I 3 14 e i A5 25Tt
MR e 3 A AF B BT 2AE5% . AL

FETTVE T A LA B PEIAGOR 5 DR s e v i a2k
FUA P9 B - 5 DR AR SR IR Ji R 0 b 54, I
Z A B H A R T

3 HLEFPkEL

N T RS T g s B AU KA ik 1 AR 43
BryE. REBWEZMARERER, NT8RE
IRIAEFEEAT S R AT L5 AR B FOME SR, (HE
TESEELN T2 Rl s B2 W (1) 2 F TS SR ThI I 1 22 Bk Ak
(& 3).

31 FHiEH

Y 2 2 ) 25 R0 e o FR AR AT IR AE 52 R hR EAL,
ANEIU) AR A Rl Bk 5 AT e B A AN (]
R HE3. Bt m 2 4 € UG 4 B s & FH ST
PR EE, IXAESAE A A B B 45 LA B A AR 1S
WM. T R — [, Niazi 25 7§27 —2k
P — R, DR AR A — AR AR 12 AL 2
A MNARERITR AR @i EHLES A
B, KRG D) AL g o B IR AR
ARG G NGB EUE, BAEFRS M, A
5 5% B R T8, BASH IR TR
TR AR ER S R], KK T B AR R AR B,
e, N T e B2 Wy 9 25 A0 I o BEAS S RIS
o i, BFEENLZ 0 VG AL B R P
FRTREE, MVGRBEYI R G, AR E, T
I3 T BRI R s, R IR E N TR se i
Je I3 S AT MDA i S

P HE N T RS AU I 2 7 AR K B B =
YATHREAN T R FEET AR, KA
B SO Tl B bR s, X E S T A
THRBRFMIT KA. fEIXT7H, 55088
B S P RE T — 483845 . Campanella 25 1
SR E A STAN TR R G, AT, &
O 24 P e R 53 bk 2L 8 e % FL MR e 1Y) AUC B3 1
T-0.98, A1 Eg R AR B IR A B R 1A X A1 BA B IR
F W8 B 2 ) 7R S B R ) e AR s A, S
WUER, /b EbRE EBEE, IR ST i
BB AL T AH R bR SR A B B, JFH
KH 10% briE SR ISR I B R A, Hig &%
NG AR R SR B A, Bl
B2 )W AT AR E O 5 2], AR
Ref AR 2R ARS8, AV B I R
BRFBUA FbRyE B, filn, RS E I R AU
(IE R 7 R A ZURPRC B, SRS T AR



8 TS, s N TR RERTELE RN e BT IR 0 P S 935
B R AR ( ) BRI e F AR
%gii%iigx \ Y/ A T
' - = | BhE. ElE, BREES
BEETAXAS £ \ AR LS R
Bt HRIESENS
HE % B BA B 52 22 17 R 3V 3 i‘j
- Fedr
ik %
D
RERBER, WKEE AR
AR B B i
2\ B | Fwrmsmns, wimARRst
BRI AR ( ) BIEMEAA D, Tk R,
LB R s 2 A

E3 A TLEREmRIEmEIGRIPEARFIXT SR

Jag U AN B P EERALAE ™ SRR, WU B I
PRI SR A . T T e i JG s B 1A% 7 2
HITTEIATIR BER B b, RIWANSE SCHT B 2K,
A AL R B e R &6 J=) ) [R] o B T
o B RE AR AN USRI 53, HAR TR VR Y7 1
SN ZE S, IR A AR OK TR AR ORI B R )
32 BERRX

H A P R R e s B2 W SR S i 9T 2 oK
Q7 EE 2 S NGAR L  ~ A N AN NI D= 125 S\ /N B
MR, HERZ R TR XN TR
(computational pathology) AW AE & 22 5T A 1R 5 32,
T FLE S 3 P A 5 B DI PR ) B O T S
— HAr, TFEARERFRE T2 XE AT,
R g Mgt N TR R IRIT A RIS A E N A . H
e B 2 XAE 1) R T BAA 4R 12 2 )RR I DR 8L
FET U Je i R 3 7 J g T R A% o eV E L s
FEVHERER S, o3 B2 SR A B AN R LS
PG PR ENIR M58, 38 7R ST o i AR 42408 1)
BRI TR Al R BE 24 R0 N T8 e 2 1Al 2= i 10,
PR 173 2 TE) 1) R v ad, v AR Bl s vk 56 s s
k. MAN TR EE IS E . ARNAE
A FRHE S H RN 7 TR EME S,
SEER R EE SR AR T
3.3 &K

JIE W2 Wk & A O Im R AR SR MR SS, viE
FHHlEGERTIOTE. EISEHEEG, N TR

48 SR N % 15 B PR S A BRI S AR . IRABHLA
NLZ B BT AR, DA 55 2R ek
T AL 2 7 Bl 5 I R S A 9 T N+ T S B,
TR S 5 SV TN ) A6 47 2 T R A 19 ol ek
PRI e, = AT AR X N T B I PR B AR A T
[SN] - RE S e P NG I SIS N
TR T R 1, DA T BN T R T
DN JEER R T P A, KSR AR I R
F BRI T 5 T B R 145 BB AR SRR S, X T
e T ZLIm R RIR T T L T 188, s, HATH
AN TGS RGRI T EHL, R e
B, I R 2y SRS T bR E AR T, EA
T REE A AR P R N R, X T RE R
T EH Al 7 1 R B2 28 L
34 WENE

N TR B B2 W™= S O 7 B K
HHIREARFEMANGE, Hil AN TR MEZ XK
Az TFEMaitEEREE TR, S5k
AR L AR AT REAN B AU B2 K. BT 2
M2, s/ MIBERmEMER, Wi AE
YME B%R, EEAR I REF I RE S, XAl RE
FFAEA NBRRL LR « B R R S5 ARG, kT
SlACAEHE ) P, B SeE TR R SR B R A A
KR BB 9 N L B B 7 (R RO B e T
WS, 7B O A AU R R SR . 2018 4E 5 A,
RR B AAT Tl A R ), BRI TR R



936 AR

H34%:

D7 SR BTSN T BB AR 6 1) 22 4 F0AG B ] P,
HE Tl Ak, EER R i N TR RE MR T
O g4, 2021 4E 5 L, BRIMECERT 7O
RATT ANTEBE ML 24« BR, IREABUR
PRb) R, MRIERCEECT RS H bR, fe T
WM B AR BRI, AR N TR Be 24
N
4 BI=RE

BEE BRSSP AE E o B A
WOk K e, v BE 2R OR R 2 U S B,
B i P2 S A B B2 55 2 AN 00 SR
AWK T EEE, AHRERT RGBS ST
PR, F8 =500 R KRG HRR 7 F L R
RAB KA 2 BSR4 T R/ B R A B A5 B
XA RFEA ., BREAImRRE, 25 H 45
Wy, RUEEH Y Hxd ., EalAy. K
WA 5 T 2 2 S A A B R 2 A R R
P AT 43 B B BE AN T B8 2 R P
[ 1 FH B DA A 2R ok JU A e g 2 FIORG #2525 (1) B K
iﬁﬁ [5,79, 96-98]( 4)0

B, N LB S R H A s 1K 2 )
B, 4R T A E 4G 2R 4 ARV 25 DNA (cell
free DNA, cfDNA) [, AN TR RESEI 1 AER
ONHE B R 07 2 T A A bR AT R R ) P,
LI B 5 BB RN o 7 A AR B, A IR B X 4%
¥ HE K14 5 mRNA Il £ F1 4 /)» RNA (microRNA,
miRNA) W77 5045 AR 45 £ 7] 240 45 S 7 An o 2 10
7 [A) e s 21 2 Re WS AR T b S5 3 BR AL ZR D)y gh AT DG Bk
ST, DOREUE PR SR R B v Y. fE
AU ZH 2 A0, ATLES 57 2 F P 17 B 0 P ke ) K i

>
WigAE - | ‘\.., ’ wET )
Bt ~=y — )
=) D)2

e ‘--'f’ SRy
- -

1) ROk M U N TR R I R P SR
AH A 53 B S FH T DR D s S A vh i e AR 2R T
ZpME U, Ak, N TR REIRHES T A S
g it g U gy it & vt UL Rk,
N BB S KRG EAEZ D M 2 H R E 1
LAWK E M, I ARRLE, EEE
2FIB AL 242 (American College Of Medical Genetics)
2015 45 R A (¥ 7 5148 53 A B bm e Al g U (2 ik T
Br—R M N TRIBERRE, NFGHEM R 0 oK 7 A%
HLB. BEAIRRZR M EER. 2B E.
SR ZULE . o FiRERF MG BN 2 EE
W AR 2 A 5 N TR Re MR 2 B RSk e 7
i), SIAEEE “ T — A2 i B % (next-generation
diagnostic pathology)” £ 'Y,

5 R&

Hrr s At D iedt P N TR MY,
IR RMEREARE L . B R A 2 B o X
WREH AR ST, BRI 28 200 5 (1 R U
REER . REAFAEPRBORIFRES, (HEETIRE TN
TR RETTEE R T B 2 T A R . MRS
FE. ZRESHE N T ERWEIZ I RS, ERATE
PEATRTSE PRI B, SEDLIG AR, SR T R 2 Wi
T T B ARG T SR R 3 XA TR R i ik
Jit. NLEReCLE NI IRR L, i ZA
Wit 55 7, iEHREE I ). BIEZ AR AR
WLy FREESCRPIFRAE A, 2 H AT SE R = “ A
TR RedEdr” S BB AIPRA

(& % X #]

[1] Zeggini E, Gloyn AL, Barton AC, et al. Translational

EEEST
MELIETT

El4 N TEREEMBERFEETPHSRSISHRR



£y

o NI BB BELLE oA v 7 I AR 2 P 5 Pk e

937

(10]

[11]

[12]

[13]

[14]

[16]

genomics and precision medicine: moving from the lab to
the clinic. Science, 2019, 365: 1409-13

Tizhoosh HR, Pantanowitz L. Artificial intelligence and
digital pathology: challenges and opportunities. J Pathol
Inform, 2018, 9: 38

Aeftner F, Zarella MD, Buchbinder N, et al. Introduction
to digital image analysis in whole-slide imaging: a white
paper from the Digital Pathology Association. J Pathol
Inform, 2019, 10: 9

Srinidhi CL, Ciga O, Martel AL. Deep neural network
models for computational histopathology: a survey. Med
Image Anal, 2021, 67: 101813

Bera K, Schalper KA, Rimm DL, et al. Artificial
intelligence in digital pathology - new tools for diagnosis
and precision oncology. Nat Rev Clin Oncol, 2019, 16:
703-15

Vamathevan J, Clark D, Czodrowski P, et al. Applications
of machine learning in drug discovery and development.
Nat Rev Drug Discov, 2019, 18: 463-77

Bhinder B, Gilvary C, Madhukar NS, et al. Artificial
intelligence in cancer research and precision medicine.
Cancer Discov, 2021, 11: 900-15

Kann BH, Hosny A, Aerts H. Artificial intelligence for
clinical oncology. Cancer Cell, 2021, 39: 916-27
Browning L, Colling R, Rakha E, et al. Digital pathology
and artificial intelligence will be key to supporting clinical
and academic cellular pathology through COVID-19 and
future crises: the PathLAKE consortium perspective. J
Clin Pathol, 2021, 74: 443-47

Kather JN, Pearson AT, Halama N, et al. Deep learning
can predict microsatellite instability directly from histology
in gastrointestinal cancer. Nat Med, 2019, 25: 1054-56
Jackson HW, Fischer JR, Zanotelli VRT, et al. The single-
cell pathology landscape of breast cancer. Nature, 2020,
578: 615-20

Campanella G, Hanna MG, Geneslaw L, et al. Clinical-
grade computational pathology using weakly supervised
deep learning on whole slide images. Nat Med, 2019, 25:
1301-09

FuY, Jung AW, Torne RV, et al. Pan-cancer computational
histopathology reveals mutations, tumor composition and
prognosis. Nat Cancer, 2020, 1: 800-10

Courtiol P, Maussion C, Moarii M, et al. Deep learning-
based classification of mesothelioma improves prediction
of patient outcome. Nat Med, 2019, 25: 1519-25

Bejnordi BE, Veta M, van Diest PJ, et al. Diagnostic
assessment of deep learning algorithms for detection of
lymph node metastases in women with breast cancer.
JAMA, 2017, 318:2199-210

Liu Y, Kohlberger T, Norouzi M, et al. Artificial
intelligence-based breast cancer nodal metastasis
detection: insights into the black box for pathologists.
Arch Pathol Lab Med, 2019, 143: 859-68

Araujo T, Aresta G, Castro E, et al. Classification of breast
cancer histology images using Convolutional Neural
Networks. PLoS One, 2017, 12: ¢0177544

Qaiser T, Mukherjee A, Reddy Pb C, et al. HER2

[20]

[26]

(27]

(28]

(31]

(32]

challenge contest: a detailed assessment of automated
HER?2 scoring algorithms in whole slide images of breast
cancer tissues. Histopathology, 2018, 72: 227-38

Feng M, Deng Y, Yang L, et al. Automated quantitative
analysis of Ki-67 staining and HE images recognition and
registration based on whole tissue sections in breast
carcinoma. Diagn Pathol, 2020, 15: 65

Ocampo P, Moreira A, Coudray N, et al. P1.09-32
Classification and mutation prediction from non-small cell
lung cancer histopathology images using deep learning. J
Thorac Oncol, 2018, 13: S562

Ardila D, Kiraly AP, Bharadwaj S, et al. End-to-end lung
cancer screening with three-dimensional deep learning on
low-dose chest computed tomography. Nat Med, 2019, 25:
954-61

Pantanowitz L, Quiroga-Garza GM, Bien L, et al. An
artificial intelligence algorithm for prostate cancer
diagnosis in whole slide images of core needle biopsies: a
blinded clinical validation and deployment study. Lancet
Digit Health, 2020, 2: e407-16

Litjens G, Sanchez CI, Timofeeva N, et al. Deep learning
as a tool for increased accuracy and efficiency of
histopathological diagnosis. Sci Rep, 2016, 6: 26286
Bulten W, Pinckaers H, van Boven H, et al. Automated
deep-learning system for Gleason grading of prostate
cancer using biopsies: a diagnostic study. Lancet Oncology,
2020, 21: 233-41

Sharma H, Zerbe N, Klempert I, et al. Deep convolutional
neural networks for automatic classification of gastric
carcinoma using whole slide images in digital histopathology.
Comput Med Imaging Graph, 2017, 61: 2-13

Kanavati F, Tsuneki M. A deep learning model for gastric
diffuse-type adenocarcinoma classification in whole slide
images. Sci Rep, 2021, 11: 20486

lizuka O, Kanavati F, Kato K, et al. Deep learning models
for histopathological classification of gastric and colonic
epithelial tumours. Sci Rep, 2020, 10: 1504

Hollon TC, Pandian B, Adapa AR, et al. Near real-time
intraoperative brain tumor diagnosis using stimulated
Raman histology and deep neural networks. Nat Med,
2020, 26: 52-8

Shen B, Zhang Z, Shi X, et al. Real-time intraoperative
glioma diagnosis using fluorescence imaging and deep
convolutional neural networks. Eur J Nucl Med Mol
Imaging, 2021, 48: 3482-92

Chen D, Nauen DW, Park HC, et al. Label-free imaging of
human brain tissue at subcellular resolution for potential
rapid intra-operative assessment of glioma surgery.
Theranostics, 2021, 11: 7222-34

Peng W, Chen S, Kong D, et al. Grade diagnosis of human
glioma using Fourier transform infrared microscopy and
artificial neural network. Spectrochim Acta A Mol Biomol
Spectrosc, 2021, 260: 119946

Jin L, Shi F, Chun Q, et al. Artificial intelligence
neuropathologist for glioma classification using deep
learning on hematoxylin and eosin stained slide images
and molecular markers. Neuro Oncol, 2021, 23: 44-52



G gEEd

344

[37]

[38]

[39]

[43]

Zadeh Shirazi A, McDonnell MD, Fornaciari E, et al. A
deep convolutional neural network for segmentation of
whole-slide pathology images identifies novel tumour cell-
perivascular niche interactions that are associated with
poor survival in glioblastoma. Br J Cancer, 2021, 125:
337-50

Zhu X, Li X, Ong K, et al. Hybrid Al-assistive diagnostic
model permits rapid TBS classification of cervical liquid-
based thin-layer cell smears. Nat Commun, 2021, 12:
3541

Kaneko M, Tsuji K, Masuda K, et al. Urine cell image
recognition using a deep-learning model for an automated
slide evaluation system. BJU Int, 2022, 130: 235-43
Khosravi P, Kazemi E, Imielinski M, et al. Deep
convolutional neural networks enable discrimination of
heterogeneous digital pathology images. Ebiomedicine,
2018, 27:317-28

Lu MY, Chen TY, Williamson DFK, et al. Al-based
pathology predicts origins for cancers of unknown primary.
Nature, 2021, 594: 106-10

Skrede OJ, De Raedt S, Kleppe A, et al. Deep learning for
prediction of colorectal cancer outcome: a discovery and
validation study. Lancet, 2020, 395: 350-60

Haque W, Verma V, Hatch S, et al. Response rates and
pathologic complete response by breast cancer molecular
subtype following neoadjuvant chemotherapy. Breast
Cancer Res Tr, 2018, 170: 559-67

Fowler AM, Mankoff DA, Joe BN. Imaging meoadjuvant
therapy response in breast cancer. Radiology, 2017, 285:
358-75

Heil J, Pfob A, Sinn HP, et al. Diagnosing pathologic
complete response in the breast after neoadjuvant systemic
treatment of breast cancer patients by minimal invasive
biopsy: oral presentation at the San Antonio Breast Cancer
Symposium on Friday, December 13, 2019, Program
Number GS5-03. Ann Surg, 2022, 275: 576-81

Pfob A, Sidey-Gibbons C, Rauch G, et al. Intelligent
vacuum-assisted biopsy to identify breast cancer patients
with pathologic complete response (ypTO and ypNO) after
neoadjuvant systemic treatment for omission of breast and
axillary surgery. J Clin Oncol, 2022: JC02102439

Kim ST, Cristescu R, Bass AJ, et al. Comprehensive
molecular characterization of clinical responses to PD-1
inhibition in metastatic gastric cancer. Nat Med, 2018, 24:
1449-58

Jouhi L, Hagstrom J, Atula T, et al. Is p16 an adequate
surrogate for human papillomavirus status determination?
Curr Opin Otolaryngol Head Neck Surg, 2017, 25: 108-12
Kather JN, Schulte J, Grabsch HI, et al. Deep learning
detects virus presence in cancer histology. BioRxiv, 2019:
690206

Zhang B, Yao K, Xu M, et al. Deep learning predicts EBV
status in gastric cancer based on spatial patterns of
lymphocyte infiltration. Cancers (Basel), 2021, 13: 6002
Yan X, Zhang S, Deng Y, et al. Prognostic factors for
checkpoint inhibitor based immunotherapy: an update
with new evidences. Front Pharmacol, 2018, 9: 1050

[48]

[49]

[52]

[53]

[54]

[61]

[62]

Jain KK. Personalized immuno-oncology. Med Princ
Pract, 2021, 30: 1-16

Wang XX, Barrera C, Velu P, et al. Computer extracted
features of cancer nuclei from H&E stained tissues of
tumor predicts response to nivolumab in non-small cell
lung cancer. J Clin Oncol, 2018, 36: 12061-61

Barrera C, Velu P, Bera K, et al. Computer-extracted
features relating to spatial arrangement of tumor infiltrating
lymphocytes to predict response to nivolumab in non-
small cell lung cancer (NSCLC). J Clin Oncol, 2018, 36:
12115-15

Corredor G, Wang X, Zhou Y, et al. Spatial architecture
and arrangement of tumor-infiltrating lymphocytes for
predicting likelihood of recurrence in early-stage non-
small cell lung cancer. Clin Cancer Res, 2019, 25: 1526~
34

Feng L, Liu Z, Li C, et al. Development and validation of
a radiopathomics model to predict pathological complete
response to neoadjuvant chemoradiotherapy in locally
advanced rectal cancer: a multicentre observational study.
Lancet Digit Health, 2022, 4: e8-17

Kapil A, Meier A, Steele K, et al. Domain adaptation-
based deep learning for automated tumor cell (TC) scoring
and survival analysis on PD-L1 stained tissue images.
IEEE Trans Med Imaging, 2021, 40: 2513-23

Wang X, Wang L, Bu H, et al. How can artificial
intelligence models assist PD-L1 expression scoring in
breast cancer: results of multi-institutional ring studies.
NPJ Breast Cancer, 2021, 7: 61

Yasuda Y, Tokunaga K, Koga T, et al. Computational
analysis of morphological and molecular features in
gastric cancer tissues. Cancer Med, 2020, 9: 2223-34
Pavillon N, Hobro AJ, Akira S, et al. Noninvasive
detection of macrophage activation with single-cell
resolution through machine learning. Proc Natl Acad Sci
US A, 2018, 115: E2676-85

Sun R, Limkin EJ, Vakalopoulou M, et al. A radiomics
approach to assess tumour-infiltrating CD8 cells and
response to anti-PD-1 or anti-PD-L1 immunotherapy: an
imaging biomarker, retrospective multicohort study.
Lancet Oncol, 2018, 19: 1180-91

Kather JN, Heij LR, Grabsch HI, et al. Pan-cancer image-
based detection of clinically actionable genetic alterations.
Nat Cancer, 2020, 1: 789-99

Dawood Z, Coudray N, Kim RH, et al. Prediction of
response and toxicity to immune checkpoint inhibitor
therapies (ICI) in melanoma using deep neural networks
machine learning. J Clin Oncol, 2018, 36: 9529-29

Wang S, Chen A, Yang L, et al. Comprehensive analysis
of lung cancer pathology images to discover tumor shape
and boundary features that predict survival outcome. Sci
Rep, 2018, 8: 10393

Yu KH, Zhang C, Berry GJ, et al. Predicting non-small
cell lung cancer prognosis by fully automated microscopic
pathology image features. Nat Commun, 2016, 7: 12474
Tabibu S, Vinod PK, Jawahar CV. Pan-renal cell
carcinoma classification and survival prediction from



£y

o NI BB BELLE oA v 7 I AR 2 P 5 Pk e

939

[63]

[69]

[70]

(71]

[72]

(73]

[74]

histopathology images using deep learning. Sci Rep, 2019,
9: 10509

Kather JN, Krisam J, Charoentong P, et al. Predicting
survival from colorectal cancer histology slides using deep
learning: a retrospective multicenter study. PLoS Med,
2019, 16: 1002730

Beck AH, Sangoi AR, Leung S, et al. Systematic analysis
of breast cancer morphology uncovers stromal features
associated with survival. Sci Transl Med, 2011, 3: 108ral3
Li X, Tang Q, Yu J, et al. Microvascularity detection and
quantification in glioma: a novel deep-learning-based
framework. Lab Invest, 2019, 99: 1515-26

Wang X, Chen Y, Gao Y, et al. Predicting gastric cancer
outcome from resected lymph node histopathology images
using deep learning. Nat Commun, 2021, 12: 1637

Diao JA, Wang JK, Chui WF, et al. Human-interpretable
image features derived from densely mapped cancer
pathology slides predict diverse molecular phenotypes.
Nat Commun, 2021, 12: 1613

Echle A, Grabsch HI, Quirke P, et al. Clinical-grade
detection of microsatellite instability in colorectal tumors
by deep learning. Gastroenterology, 2020, 159: 1406-16.
ell

AbdulJabbar K, Raza SEA, Rosenthal R, et al. Geospatial
immune variability illuminates differential evolution of
lung adenocarcinoma. Nat Med, 2020, 26: 1054-62

Saltz J, Gupta R, Hou L, et al. Spatial organization and
molecular correlation of tumor-infiltrating lymphocytes
using deep learning on pathology images. Cell Rep, 2018,
23:181-93.e7

Vayrynen JP, Lau MC, Haruki K, et al. Prognostic
significance of immune cell populations identified by
machine learning in colorectal cancer using routine
hematoxylin and eosin-stained sections. Clin Cancer Res,
2020, 26: 4326-38

Shi JY, Wang X, Ding GY, et al. Exploring prognostic
indicators in the pathological images of hepatocellular
carcinoma based on deep learning. Gut, 2021, 70: 951-61
Zormpas-Petridis K, Failmezger H, Raza SEA, et al.
Superpixel-based conditional random fields (SuperCRF):
incorporating global and local context for enhanced deep
learning in melanoma histopathology. Front Oncol, 2019,
9: 1045

Zhuang Y, Wang H, Jiang D, et al. Multi gene mutation
signatures in colorectal cancer patients: predict for the
diagnosis, pathological classification, staging and prognosis.
BMC Cancer, 2021, 21: 380

Yao X, Sun C, Xiong F, et al. Radiomic signature-based
nomogram to predict disease-free survival in stage I and
III colon cancer. Eur J Radiol, 2020, 131: 109205

Cesselli D, Ius T, Isola M, et al. Application of an artificial
intelligence algorithm to prognostically stratify grade II
gliomas. Cancers (Basel), 2019, 12: 50

Mobadersany P, Yousefi S, Amgad M, et al. Predicting
cancer outcomes from histology and genomics using
convolutional networks. Proc Natl Acad Sci U S A, 2018,
115: E2970-9

(78]

[90]

[91]

[92]

(93]

[94]

[95]

(96]

Shao W, Wang T, Sun L, et al. Multi-task multi-modal
learning for joint diagnosis and prognosis of human
cancers. Med Image Anal, 2020, 65: 101795

Niazi MKK, Parwani AV, Gurcan MN. Digital pathology
and artificial intelligence. Lancet Oncol, 2019, 20: e253-
61

de Haan K, Zhang Y, Zuckerman JE, et al. Deep learning-
based transformation of H&E stained tissues into special
stains. Nat Commun, 2021, 12: 4884

Yu G, Sun K, Xu C, et al. Accurate recognition of
colorectal cancer with semi-supervised deep learning on
pathological images. Nat Commun, 2021, 12: 6311
Tshitoyan V, Dagdelen J, Weston L, et al. Unsupervised
word embeddings capture latent knowledge from materials
science literature. Nature, 2019, 571: 95-98

Li X, Wang K, Lyu Y, et al. Deep learning enables
accurate clustering with batch effect removal in single-cell
RNA-seq analysis. Nat Commun, 2020, 11: 2338

Amodio M, van Dijk D, Srinivasan K, et al. Exploring
single-cell data with deep multitasking neural networks.
Nat Methods, 2019, 16: 1139-45

Urteaga I, McKillop M, Elhadad N. Learning endometriosis
phenotypes from patient-generated data. NPJ Digit Med,
2020, 3: 88

Kulkarni S, Seneviratne N, Baig MS, et al. Artificial
intelligence in medicine: where are we now? Acad Radiol,
2020, 27: 62-70

Jha S, Topol EJ. Adapting to artificial intelligence:
radiologists and pathologists as information specialists.
JAMA, 2016, 316: 2353-54

Madabhushi A, Lee G. Image analysis and machine
learning in digital pathology: challenges and opportunities.
Med Image Anal, 2016, 33: 170-75

Cutillo CM, Sharma KR, Foschini L, et al. Machine
intelligence in healthcare-perspectives on trustworthiness,
explainability, usability, and transparency. NPJ Digit Med,
2020, 3: 47

Wang F, Kaushal R, Khullar D. Should health care demand
interpretable artificial intelligence or accept "black box"
medicine? Ann Intern Med, 2020, 172: 59-60

Guo T, Lin T, Antulov-Fantulin N. Exploring interpretable
LSTM neural networks over multi-variable data. ICML,
2019, abs/1905.12034

Stoekle HC, Mamzer-Bruneel MF, Frouart CH, et al.
Molecular tumor boards: ethical issues in the new era of
data medicine. Sci Eng Ethics, 2018, 24: 307-22

Chico V. The impact of the General Data Protection
Regulation on health research. Br Med Bull, 2018, 128:
109-18

Hickman E, Petrin M. Trustworthy Al and corporate
governance: the EU's Ethics Guidelines for Trustworthy
Artificial Intelligence from a company law perspective.
Eur Bus Organ Law Re, 2021, 22: 593-625

Shneiderman B. Bridging the gap between ethics and
practice. ACM Trans Interact Intel Syst, 2020, 10: 1-31
Acs B, Rantalainen M, Hartman J. Artificial intelligence
as the next step towards precision pathology. J Intern Med,



940 AR

344

2020, 288: 62-81

[97] Djuric U, Zadeh G, Aldape K, et al. Precision histology:
how deep learning is poised to revitalize histomorphology
for personalized cancer care. NPJ Precis Oncol, 2017, 1:
22

[98] lJiang Y, Yang M, Wang S, et al. Emerging role of deep
learning-based artificial intelligence in tumor pathology.
Cancer Commun (Lond), 2020, 40: 154-66

[99] Chabon JJ, Hamilton EG, Kurtz DM, et al. Integrating
genomic features for non-invasive early lung cancer
detection. Nature, 2020, 580: 245-51

[100] Cristiano S, Leal A, Phallen J, et al. Genome-wide cell-
free DNA fragmentation in patients with cancer. Nature,
2019, 570: 385-89

[101] Boehm KM, Khosravi P, Vanguri R, et al. Harnessing
multimodal data integration to advance precision
oncology. Nat Rev Cancer, 2022, 22: 114-26

[102] He B, Bergenstrahle L, Stenbeck L, et al. Integrating
spatial gene expression and breast tumour morphology via
deep learning. Nat Biomed Eng, 2020, 4: 827-34

[103] Yuan Y, Zhao Z, Xue L, et al. Identification of diagnostic
markers and lipid dysregulation in oesophageal squamous
cell carcinoma through lipidomic analysis and machine
learning. Br J Cancer, 2021, 125: 351-57

[104] Wang G, Qiu M, Xing X, et al. Lung cancer scRNA-seq
and lipidomics reveal aberrant lipid metabolism for early-
stage diagnosis. Sci Transl Med, 2022, 14: eabk2756

[105] Bhattacharyya RP, Bandyopadhyay N, Ma P, et al.
Simultaneous detection of genotype and phenotype
enables rapid and accurate antibiotic susceptibility
determination. Nat Med, 2019, 25: 1858-64

[106] Senior AW, Evans R, Jumper J, et al. Improved protein

structure prediction using potentials from deep learning.
Nature, 2020, 577: 706-10

[107] Alley EC, Khimulya G, Biswas S, et al. Unified rational
protein engineering with sequence-based deep representation
learning. Nat Methods, 2019, 16: 1315-22

[108] Gainza P, Sverrisson F, Monti F, et al. Deciphering
interaction fingerprints from protein molecular surfaces
using geometric deep learning. Nat Methods, 2020, 17:
184-92

[109] Greener JG, Kandathil SM, Jones DT. Deep learning
extends de novo protein modelling coverage of genomes
using iteratively predicted structural constraints. Nat
Commun, 2019, 10: 3977

[110] Stokes JM, Yang K, Swanson K, et al. A deep learning
approach to antibiotic discovery. Cell, 2020, 180: 688-702
el3

[111] Zhavoronkov A, Ivanenkov YA, Aliper A, et al. Deep
learning enables rapid identification of potent DDR1
kinase inhibitors. Nat Biotechnol, 2019, 37: 1038-40

[112] Shao L, Liu Z, Feng L, et al. Multiparametric MRI and
whole slide image-based pretreatment prediction of
pathological response to neoadjuvant chemoradiotherapy in
rectal cancer: a multicenter radiopathomic Study. Ann
Surg Oncol, 2020, 27: 4296-306

[113] Richards S, Aziz N, Bale S, et al. Standards and guidelines
for the interpretation of sequence variants: a joint
consensus recommendation of the American College of
Medical Genetics and Genomics and the Association for
Molecular Pathology. Genet Med, 2015, 17: 405-24

[114] MR, kIEE, FETT, & T —ASKR . itk
TR, 2022, 51: 3-6



