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e 20154E, DREAM SRl (AstraZeneca)
FfiSangerf 5¢ B & 1E K AL ) AstraZeneca-Sanger
DREAM$ % 2% 1y P [ 14 Fou il Pk G B A2t 1 4 A it e 11
GEIR——— LA IS8T 259 10X 4153 7E8 S 4H i
Z IR N B A, XSS R Y i AR R B
TEGDSCHZE R,

AL b, EART B, BUME R
IR TRAE A A K. AR AREKF L, I 5
S AT 4324 e ] (intertumoural ) 55 51 A1 A (in-
tratumoural) 5 BT, R E T8 A AH R 41422 R e
RE Z B B, TS B AR IR A R
SERPEN R, R 20 i 2R 0T B LSl R R R
TR GUY S ZE, SRR 1 T e 4 &R i 24
YIBURENT IR I RS I PE. A T HER AR (%) g
) S BT, 20064, NCURISE FE B R ALK 5 Fr
(National Human Genome Research Institute, NHGRI)3t:
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200007/ N1 F1 70005 5 A& L sl 9 29475 4>k (5 5
ISHEAELINCS-L1000KR " AR o T AL FRANAE A 53
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RFRSCES, VERFERFRIREFNTE, signaturestll B
TRl | 25 S B T e R S R




F1 WAFRKRHERASIESE
Table 1 The publicly available genomic repositories
VeI EHTERS EWEH EEHE AR IR
NCI-60 RS, 59 5 >100000 Mut, CNV, GE, Meth, pr  "PS//discoverncinih gov/eell
33FPEAY, 25200007~ . . http://cancergenome.nih.gov/
TCGA/TCPA [T X Mut, CNV, GE, Meth, PR, Hist hitp//tepaportal.org/tepa/
CCLE | SR, 1457/ E 24 Mut, CNV, Meth, GE http://www.bz(;z;:lnstltute.org/
GDSC 36AP2EAY 989 fift Z 518 Mut, CNV, Meth, GE http://www.cancerrxgene.org/
CTRP 860/t 481 Mut, CNV, Meth, GE http://portals.kc):;z:/dmstltutcorg/
NCI-DREAM SIAFLARIE AN 5 28 Mut, CNV, Meth, GE, PR LPS//Www.synapse.org/Sy-
FUBREEE S ’ ’ > napse:syn2785778/wiki/70252
AstraZeneca-Sanger S gEERE e ; PN https://www.synapse.org/Drug-
DREAM 85 MRAE AN 2 82599 10F L & Mut, CNV, Meth, GE CombinationChallenge
19811 LS4, 18493 shRNAs http://lincsportal.ccs.miami.edu/
LINCS-L1000 OSMEREAINE R 3462 NcDNAs(EI 50753k GE p-iimesportal.ces. :

F). 314 AW

https://clue.io/

a) Mut: JEHZEAE; CNV: FERE$E DB 5 GE: SEF 3515, Meth: DNAFJE{L; PR: FHFRIARE; Hist: AZURH2EREIE
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HFWB S H A, LethmlH(linear regression). I [A]
IH(ridge regression). 72 |- (lasso regression) A5
4% [a] ) (elastic net regression)= J2:H FH L P W 24
I #0715 (kernel methods) T 4% A4 32 45 1)
Hl(support vector machines, SVM). HR3## (decision
trees)s FEHLZEMR(random forests, RF)FI#HZ: M 4% (neur-
al networks)ZE N 2ARLR M B 22 3] . XFT-2 My i 1 i
Wb LA BL S 2% 2 BIE AR IE R i BE 2 W Vougas 5§
NS,

20124F, NCIFIDREAMIE[FZ]4! T NCI-DREAM
25 UM T PR AR, HiteSMBMNILS Y, #3144
FhEETHLAS T T 25 . o, T4
P B 2 20 ) B A R B R A 2 R A 4 B 2t mT LA
FHRAERTZ5 e 1, SH0E RIS AINE AR L, 55
25 RPN AT SEBR L, PR R 25 7 vk n] IR A
1 IR PR P RRAE P2, (RIS PR A T v i e 2
P, X O I RHIE AT RE S R T 2 5 AHF APt
PRSI . RIUL, SR 4 T IR SR S LA AR
Sk WU 245 ) B T B AT LR R R, FECCLEA
GDSCHE A 1Y 53 A1 v T TR0 24 47 i iz 7 ol A1,

$8 7% 2 L kR i 02,

TEARZ PRI, JE T BEMKL(Bayesian effi-
cient multiple kernel learning) IS T feph 7 ol Y.
FET T T TR BT AT R 2l 00, A AR A
57 PEULEUE . DNAH Rk, RERI kg fE
Rk, BEMKLECG I TR RIE. 29 E %
ZATS5 2 S A DL HITHERT,  DURHE 0 G R Y
i A )53 ) A5 I 200 B R 04 B AR AL A Ry i R S
¥, FHE I A% 2D SR S E IR AN, 153 4H 5
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BEMKL 15 5638 428 DU -S4 08 40 it 5 AR Al R4
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WA A i 25 Ny AR . RIS, sl g | A S
BRI 2 T (i 2 ) ik oke E T 247 0 il g 500 4 vh it 2
FME R A Ab 225 | 1 A 22, AT 4 o 245 ) Uk
PEFOM A RE . RIEBMBTERE S & FrySCEh,
KBMTL(kernelized bayesian multitask learning)5 i}
LR i AT L e R L NS 2 R 5l
DL TSR T e B, JIESE T KBMTLAEHIV (hu-
man immunodeficiency virus)F1EE4E 2547 b7 T _E %)
PAE 11, KBMTLAE A J52ebF5e i LA SEvE ) vk
Z— TEHAWARLANE b, BT SVM T i
T2 BN BERLARAOT T TR R
TP A SRS S SR T R
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T A T 0 220 FH 245 0 e S R AR, SRS 254
AR R AT RE -5 HA BAT AR S R B 25 A5G, BEMKL
(KBMTL)7ESe 38 H UM S 8 1 76 254 2 ) e 3 X
& 5 245y 7 RO A R R, TR LSRR R R
(1 HL A 24T 5527 >0 MR By e IS 4G T B A 7 202,
Suphavilai%: N BN, 1625 5 254010 wh B0, 24T
552 ) S A 2i oy BCAR IRl BB, (A —A
PLAe FE A 25 W fE B AL i) R B LA, XAl
DL i 7 R Gt (recommender  system) 4[] i i€ (col -
laborative filtering) i ARSZER. XFit, Afi 142 i BT HEE
ARG 25m  BO Ak, @t AT aniE R Z Ml 2y
Yz AR OC R, U258 hy . FRA LK AR IS 22
AN YRS IR ST | AZGWIAR IR B AR,

250 AR B REIE R A e AR ) — I Y
PRk, AHLE TR S BT AN 2 AN RRAE A R 2 %k
I, 25 B R AR AR A B, MRS nLgs <>
AR v ol FH] o 4 1% 2 2 5000 2 5 M S A S0 Pk
JE. X — [ — A B AN T s e g T
Bt L F kAT 4E. Papillon-Cavanagh% A\
fEF T AR T a1k, ITras G4k mH
HEIE L5 B O 24 AR TN 25 )R . Parca s AP35
TR BEEPR 1 22 3K 55 e 0L AR R DG AR R R B L Y
TR BAEREAR TR T 25, LA SN Rk S kA T R 4,
Ik LA 2 Ok PR I 28 [ H L SCe ) & HL) T
MZGHIRIICs,. B T Heit worik, ik A gl as ek
193 B R ARG 2 B R AR A T LA 356 R 4 50 v
4. DingE NPT 7 2 T e BT Wb kR 2
kil P8 DUBUE SR AR B AR O 4B BLS3 7707 1)
M RFHE, KOS ETERE 20 0RA FRA RIS
J75 0T ABE T 5P I 28 R T 1 R, (EL X Ak 1y )
REJCA 1T, XATReE i TrERM bR B b Rk
TS HMER. Bk, TR ARG A REIE T
TIRME S A g g, IR R E 2 N B AR
VR NE R RAE, SRIEE XS BRI s
PEM 28 o 2eds, PRI T R HIRAE S5y i B AR Y
PP TIACR. Rampasek 5 NS EEHE T2 B 1y 7
=K, B TR NS 53 A 44 (drug response varia-
tional autoencoder, Dr.VAE). Z%43 H 4fi#%(variational
autoencoder, VAE)&:— i IR B i 28 ) 25 (1) A= A
Rl JREFFRBIENFE RN, AT CTRPV2IVZY)
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o A . LR A1 FICMap-L 10009 £k 4 4 4k 3
FER F R T VAT D ECA DI R IE 45, (Al W B
VABREAY I Rk ik i A Bl as 1], A58 HppaER
ESE T P S A Bt AE, T H R EEAE,
TG FH 8 4 00 051 2t T 25 i g, DA T A
B 25490 157 AN B B AR AR

BT IR BABRERZ A1, 25 N TR A T
H Y o — A E ) R T A A 2 B . —
M5, GRS IR, (4150 2
FEELIR G AE . 8 DRI SR R S ki a1
NCI-DREAMB AR FEFIB f5 A HA A 7T, AT A3,
JITA 4 2 rp 25 e S K- P R 43 25 5 AT LA et 4
HE PR 21 5 PR SR B R A R, T b 4 2 A, S RER
Tkt F T 2 TR, 24 R AR ) T S
SO TR ARG R S ek, O B 4 S A
BRI RA MR Z A 2R, R EAR A E L,
RRTLIUNPERE Y OCkE. AbenZE AP R T —FER
TANDEMI Wy B 7, 55— B Bl iR ik (LA
G . P DUBOE S . DNA AR FIRRE S 280 ) 3l o i
PERIZS LA 25 Ry, 25—y BEfl AR TR fe B
FE PR F R BRI ASE R L) F3 0 565 — B B Ay 3
#Z. b, AR R A SRR, (GG
(RBILAS 27 > 5 2 T 245 9 i 17 A7 7E — 7 Sy B, — ¢
RGP A  A RE BR AR e BUS RE AR T, 5
AN]R8 R 245 () 27 24 9 5 20T LA 5
A i ABCE AR A B NS, S A A P g S
(I DURRPE B d . X Rh 51 A AR SR TR B 2 2]
FET DAY 236 X vt (end-to-end ) B TR AL 2 245 4y i)
IO TR 1) 2 Sk 4.

3 TR 2y

UTAER, 5 245y e 1 B A Ay D 24 v %) e T ]
RO 3 240 RN 245 ) R AR R X X 28 2 A T 3R 2 2]
24 R 0 A 2T 3 — T, R R A A 2R
TE B A B AU R AN S, BAE RS
PR 26 AT 278 27 20 A] LA I 245 40y vl 17 00 1) AR -
A e RIS, 55—y I, R A2 PR 4 R
ELAEAE R PN AR Y i) i A 23 22 W R R 2 R 2 [ 1) 22
JCRIKOCR, BIAFER JH#ER 4 (gene regulatory net-
works, GRN)@ & -2 1 4H 5. AE H (protein-protein  in-
teraction, PPI){Z% AT LA 3& 45 PR 4 FRAFSE LD RE TS
5, DT o 245 0y i 17 T IASE 28 ) 1 .



TurkiFIWei' ™ 5| A GRNAGHE H 24401 137 199 245 45
TR, $ (1) WEBHEEEE RO, {4 FIQBC(query by
committee) VA EFERA H BT AUR AR, (2)
PR W R IO, P CURE B4 it 226 18 9 240
RAE LN T, SRR R H S R m) e
(support vector regression)FHUI ]IS, [AlFEEE T HE4E
M, Stanfield s A 40 22 9 DX S8 251 2 B 5
PPIMZEH 5 5I—e, AN 7 — iR, iR M
YA L R B S ST R 45, 24 0y o oy TN 46 kg 2454
55 20 B 2R AE R 2 B A I R) R, I3 3k REATL e
7E(random walk with restart, RWR)I B 254 #1410 il
MIRFIEmI G, DATINSRS A SR 25 MM I ). 2 SCHE
fs HIPPII 25 % 5 20 it 22 9 8 B840 ] LA Wl 2 4 e 2454
M 37 ¥ 00 4 g

FETARBIPE 28 A T 5 2 A5 202 N, 31X
KTy T LA oy i ik 25 ARV I 28 5 | A 24501 43
FLERE BAVERERE. ZhangZs A\ HEH T RUZ4E AN
JHLZR -2 P A AGEARY, T T R PRI 3R 01 1) 240 L AR A
IPERIZE (cell line similarity network, CSNYEHEFIEET
PaDEL"* 15 ) 1-DFI2-DZ45 425 ¥4 25 W) AR (BIE 70 2%
(drug similarity network, DSN)&HE (i FH et inAU AR Y
TN 25 7 AR A 25 N, X T — XA 1) ) 20 -
WA, Hoe 7 A2 F 4 R AR DU 0 25 v 5 A i At i
AR AR R AR, LS 25 PR LI I 46 v A i)
5 RRSBI 245 e 1 i R, AR AR B 2% T 1Y)
LRJE S A2 A TR AN I A AR BLEE . Vel P
¥FMAPK (mitogen-activated protein kinase)FIERK (extra-
cellular regulated protein kinases)f5 518 1) 4~ 2 (51 1F
GEHATHNAIE, A BLH R TR Jy B 3 o 25 485
B AEEARH, AR T DSNAY TN LE A T CSN Y
FEZH ) AT S AP R, X T 2 aiie (s B AE
T (4 E B, LeFNPham ™ B2 t, 75 LR Feih ik i Jt
it b, DR 5728 SRR A 4 3R Z [ A AR A 7
A, HILAJEH T GloNetDRP /. GloNetDRPJ7 ik
et FH 40 i 2 35 PRI 3R A i s % 5 A8 Rt S [ A s 4 i
FORALE P28 FIE T 245 1) 701 (R 2 T AR AL R 245, SR
i 3 528 24 40 TN 240 B 3R 22 TRD A 2 R 245 0 o g 4 3K 7 1)
LAEHEEOR, TE R T 25 A R i S LS. B, 7F
R F T AL i 19 42 Ry SRR AR 0 B 245 4
N, % GloNetDRPHY 4 JRy SE LA TALE 1R 4% B
CRULPE R 2% R AT e B SUZ 26 7y, H e
SETHLAA S BRI IEKBMTL, s, fE#A

9, BT LARTR RIS B P A R (AR B A 92 5
B, XA gdt 7 =TT BR84S B R 24 e it
W TTERBEARAY . 7EGIoNetDRPTIEH, BB SF(5 8
IR F-E 2% EiF iR, IR E B
TOMEE, FI IR AR R B AR AR 3 T 5 ] LR
FEIRTEASTAYAR S A PO 1 .

B 17 FH SR B ) e M A Bl 4 Jmy 114 X 248 1 4 B
BEAETE M2 B2 g, AT DA i 4 R 2
2 AAR I ZRAE ] H AR R AL RS 2% A (1) A Ak Tt
ZMMART. Yang5E AR T BG40 R 8 1
2% )i FIPPIRYNRL2DRP(network representation
learning to drug response prediction). NRL2DRPJ&—7#}
BL TGRSR B I 28 FoR 2 2D O ik, AL A R 1)
RS 115 19 28 T 22740 - 240 M 2 00y PO 248 P07, T
AR RAEEN . 5RO BOR S 31
FACPGHL A B IEEAE DI RE = /- (cancer functional events,
CFEs) Wit 3 PPI 2 M 4 57 1. AR TR 2 5B 2
FEF HA S AR T B I (R AH &P 19 46 25 440 ) %) 240 e
F AT REEA AL 25 e X — (. R T X
AERIPEAS B, VR BRI T 4RI M 24 45 4 i 405 B 1
AT RN, A5 B 240 B 2R ) ZRAE ] A R E
Tk A B 251 43 25 SV MAR R Hh 47 24 4y e [0z F5 0,
R T KBMTL P 4 v i)

B T 2 BRI Y o F AR R, T MY
(95 AT LA 5 | AZ5WIREARE B ZhangSs
A [* 1 HNMDRP(heterogeneous network-based meth-
od for drug response prediction) 5 15, B SCil o T 40
REEFAEGE . 259422 25k RN 25 A B R 22 Rl Y
FEIRBRAN R RFOR T AARRIPEEE &, SRS H R T4
JfL R FE R R A TS R AN R AR M . STk 2E 25
FEALPE ) 25 P AR AL PE R 2 . BT PP ST A AR AL )
2%, T I 2440 - 240 A AR e 10 AN 245 ) - 5B B TR M 2%
W FIRARRIEZS AR, f o iR B R B 4 .
TR ML AT R T B sk, 1S3 TA 40
F-ZPRT 3 EL, B Rkt 2 e 1 B SR VR IESE,
O A 25 ) - R0 AR AH BAE HAPPLY 5 | AT B Tl 24
v ) TN RE, I 1-DRI2-DEE R 25 ) T
S5HE BRI ST, SV S, A R IR T
SRR R 2 By i

4 T BRI 2 W 2y i S
AEA T 2 4125 B 25 0o BB b, — A
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DK 1 ) R an e £ AN [R] B 41 220t . =5 1, XA
(] EAE N T8 BB AU i A7 AE, 38 H R IS (mul-
timodal)2= > fifrle. — MR UL, A—FE Bk IRl
JE AR AT LAFR A —FP AR (modality), UG SC A4
AN NN & e & 1D AR WS Y SR 2 e 2 e PN
HOGEFE IR, B TAFBES R R AR,

ZAAS R TR AME, 80 A A P2 B
EE, MBEGARE ROt mEN TR, 24
oM, AT LLEEAS [R] 4 22 e A Rk TR B A5
B, MER SR TG, FEREM AN T, 2R

A — MR BGA L (1) A ZURHERLE (input-
level feature fusion), BIHRJFIG (early fusion), (2)
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|
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: WA & Y & g & 7 & g !

: ! l | |
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: N N A :

! Bz y / / / |

| ( f 1 !
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1
|

~ 1

: o AR |
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L e e e e e e e e e —— e —————

(c) RRERS
(GEARLS)
ERTIKE ERRLT DIF/E
TN 4 7 & A 7 & g
| | |
TBERLEZE | DNNICNN/-- DNN/CNN/-- DNN/CNN/- DNN/CNN/-

E el

Lo

BEHBIR

mEHIAIES

B 1 2R B 25 e 1 ) =R S BESRHER G TT 3 (a) B AZUFERLS (RIBREE); (b) "PRRHMERLE; (o) AR & Un RS

Figure 1 Three multimodal feature fusion methods for drug response prediction using multi-omics data. (a) Input-level feature fusion (early fusion);

(b) intermediate features fusion; (c) decision-level fusion (late fusion)
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FAFNERLA (intermediate features fusion)fl(3) PRk
fili& (decision-level fusion), HV 5 #iFl-& (late fusion). %
APFHAER STz, 8 R REA TR SRR E
fEm AR A ERER, AR5 o ] — SRR AR R 4R B2 > U
¥, WIPCA(principal components analysis). H 3 ZRH%
AR EZE AR IR, PYURHIE RS R R
RS 0 W28 73 31| 2 > B S, B 2 > B A R R
WRAE— S, P38 ) 4 3% 452 R AR 201 25 AR K S A AR A
TR Rl 5 38 I FH B ) 0 1) 38 R A B 2 iy e
¥, B RANBS Bt R 5 2, HoR e T
A, ACE AT LU o — ks ], A
APUATHEK.

IR, HUNELE S 2 R RER R A A 1Y
ST, FTRES IR T B O e A RS DA R Y
B, I Hab—2P3 i AB AR 4est. itk (R
IR G 7R ARG 2 1 2B RO AR L, (H
AT DA FH I 1k il G 255 DR 6 3R 33 RN 25 W) 1) 3 RRALE
MRS AS [ 40ff0 Z2 25 L R . Wang %5 A 40
JHiL 2 5 2% e BT 10003 R Y 2 R 3Rk 3k 5 259 55
Fe8UE BRI A B e 2 X 4 LSO 25 e . AR
SEWFSER, AT SO BEIEAT Tt ™), SRS 1
Hulihae %) FE D Rk ik R 2, PRI RS O RRIE S5 251
(5 FHR BT HR IR, A BITR B 22 I 2% rh Il 25 DA
THIU 24 4

ARk, AT RINRELG, YR ERS =
() Z2 A3 > A 25 ) e g 0 A 52 v o 2 e . dE
b 53 A 2] AL IR IS PR AT AR AR, AT AR
ZRREAR G — (FRAEAE Ry 43 228 s M 25 A g A
XA K E B 24 T R U7, Sharifi-
NoghabiZ A" 11 T MOLI(multi-omics late integra-
tion), —FhIETIREE #2811 2 4 24 HARFTE R G
J71%. MOLIF 3AFT i it 7 4G AL AR, 4351 AR 4N i
GRAS . P DUBUE S R R ki AR A A, b+
g rpreg ) B R IER L B ERPHE, 1EN 2 MY
LEng/ANY 2 < B i 1L 23T 771 ) VA S S B S | e S e
TN, T8 SRR R B Ll T ad ik 5] A —Hi 4
2k Mgk (triplet loss)" VR i 2H4 401 2% R BOR A AL B
—/MMOLIEEARIFARF XA 25 SR e, &g 1A
B 2A T RS, R [R] i B s AR Y R
—AE55, #HATZAEF5MIIZE. PDX Encyclopedia#hif
BRI R oR, B WY 0 T A 25
YER AR A A ge. 04 &3, MOLI

M AYEGFR (epidermal growth factor receptor)ffji il 5]
X TCGAKURHE Hh 8 & B 2459 2 v 5 EGFR i i rh 5 2t
SRR Geit2E i SRR e, UESE T RSN I 25
FMOLIALAY AT AAE — e FR B b e Wk 255%, EAT I
PRI 7. Chiui APV7E SRS 2ERE FBIA A
St A8 X W28 HEA TN 2R, BT K TCGAZ R I H
FIYNGRadRE. AhATEE ST T — LT 40 B i 28 AR e
IRV U 2274 SO0 (R TR B 2 I B AU DeepDR, 1445574 iy
3IRE LS PR A, BP9 i #% (mutation  enco-
der, Menc). FikZmlid#¥(expression encoder, Eenc)M
TN R 2% (prediction, P). MencAlEenc A TIZkIY H 31
Yifid s (autoencoder) [ it il 4, 43R HTCGARY
SRR A R IR B AT I 2R, P35S Menc
FIEench) Z 4155 25 Wy b i #5%. 50 4& (AR R R
CCLEEE AR M 5L MR IRTEAE A A, LAGDSCEE
££2560™ 24 1y () AH I B804 S i 1 1A T I RN 3
MencF1Eenc ) ZHUH MTCGA T 2k H K45 1 S 5
rRIaA, e G B P B8, PRERERLAI th Ak, Tl
i AT PR LA R 1 S8 A8 TR IR FFAE, 1 AU VAT $3
M265Fh 25 H5%F T LA R AOICsofl. 0 FHIZ AR Tt )
9059 N TCGAREA XS 26 SRR 245 W) (1 Uz, ThE &%
R THEARIF S FHME. 7512 9% (pan-caner) /A, 1E
BT 11 TE A TCGARE i AR 5% 5 T 10% (1
FEH, ZILTTN(titin) 1] GE /2 XJ vinorelbine flepothilone
Y BURA LR EY). VEE Lldocetaxel FICX-5461
S, X5 25 25 AR DG I AR NIRRT AT T
5%, WESE T docetaxel BT 2541, FFEIBH T Bdboim 2l
PICX-54613R97 M A i BTI (low-grade glioma, LGG)F
T8 IR GRS ).

bR T RG24 50E, PR ERLG Tk R T
L2500 53 TS5 R — RS | ABEAY. Chang5%
AP 1 i CDRscan(cancer drug response profile scan)
it FH 4 LR 1) 5 PR 2 AR R SO R 25 1) 53T 1R SR 215
ACNNR 24 (convolutional neural networks)JHiA. X
PR 5275, {E#1ECGC(cancer gene census)” 5671
FE R PR T 28328 B 1Y 51 A S AR BE A TR AE,
X258 N R B 30720 B PaDELA> FHi4F. b T AbBHiX
FERY R AR RRAE, VEE S I S FUZ R X — & i 1T
e, PRERELE IS ARRIESET T ER RS AR Stk A BRI
2, PEfrnxt i 2k, 200, YEE ISR T 5 ARR
L il A LY T S S M P Sl e S A o=
B, SRR T R (LR S H 1]

3557



A% b & 20205118 $65% £324

f#Hl). Manicas N WED| ALY T-45 0 LA E 3E— 2
MR TR R AT AR R, BT TR TR IS
GG AR, R A R I RIRIE . Y14
FFIPPISER B A T G R T 25 W [z X EER245%)
M, VEEY S 25 AR A DG A SR B PP 2% |-,
AR HEA T 28 A4, o AL 3G Fo AR 2341 1 o B D
YRR SR, A BURT S R A A R AR
A LSRRI E R AN R AR, 25905 F 45 R kR
AiIEM R FHSMILES(simplified molecular input line entry
specification)# AT RAE, VEZH LK T L F T 4515
SMILES M 22 W 28 2548, 045 X1 38 U1 1 22 19 4% (bi-
directional recurrent neural network, biRNN). &%
i fih ¥ (stacked convolutional encoder, SCNN). Hif
= JiWLH (self-attention, SA). | T3 JIHLH (con-
textual-attention, CA)FZ R EELHFFEE J1(multiscale
convolutional attentive, MCA)JrTB &S5, 40 M R FRAE A
O3 AR S A T 2200 45 F A i 2 A5 B gt I
AYRHE, 3% SERFIE FR RIS A i )28, A 7okt v Y
2 T T 22 ROEEAS BRI B I ML ) A
TR T T BE AR A3 T4 801 1IN 5 1 B 2 A 180 1 HAA
SMILESHifthes. HeAh, AR LABRRE T 20 i
Z Y Z AR SRR 4 i (receptor tyrosine kinase, RTK)H
HF R BT TS, 8 B AR ) AT e
7N TR Y AT AR

T 5 B G i Z2 B 25 1y e Ry 50 E S 2
D, Choi % APTHET B Y A K 22 T RefDNNASIAY,
AT B3R 2 W 0 531 S5 F AR PR R 8 1 iy A
RS TR 2 A 4 4 2R T — S DNN
(deep neural networks) 7 JE R4 il I RefDNN(reference
drug based neural network)BH. M/ HLPE R 28 7325 2
FHREAT T4 M 2R 19 L R R A TS X A 40 i R MAN S5
250 WA T IR0, FH AR AE I R e 3R 1 T i)
25W) B 0 T RRAE FRAE R X MR 225 24 1) i R AL
P30 (1 P Fh AR 38 2 0 IR FD Y (Hadamard - product) &
I, i A ZIDNNHFEA T I X6 s 14 Y 25k B S50 254
Man 107, BEFE X 46 FTDININ AT i H 36 9 e 1) 2 43 2 22
(AR B R R T BB, RefDNINH] FH 3 1A I 4% 1 0| Ak Ak

RPN

Py A FE DN FR B, T LA E S 25 P AR G A S [
Fric.

5 REEHEY

TF e BT B R R AL BN A 350697 R
W AT R R R E B 2 TR G OGPk (R, A
LIPS TE T I X 2P 4 I 3R A Fh i
25 00 S L KR, R S R I R A R R
TEIE T VR 251X 25 Y 4t i S stk i B 0 5. 201248
fINCI-DREAM 24 47 fUR%E 1500 Bk 4% 36 7 5 40 A 245 90)
TR ) AR, LAy K AL g2 2 Bk
FIRLET R H, 3R 5 S2 AT e T JE . SR,
FEXTEAERE . R S M S R RO, AR S
BLAS 2 > T 1 0 245 4y e AT A A — 2 SR PR, 38T
28 (TR 1 N AR UR BE 2 ) Ok A A TSl 2 4
SRR RGNS N, DI RAS 5 4 259
VAR E

] b, FEEA S, RUEA R RHER
e 7 441 it 7 FR A ) — 2 2 S g g AR AR 11
JEE A2 N/ Z RN AT 26 57 JRSE ) e B PR 2 259
PP BN, X B RS SR FH R 4 R o 1A
ST Y 24 W BB O VA AR IR IR N A AR R )R
PR, PR, A BT T e e e 40 B 2R 0 25 e i,
TN 1 B A B o AR AS 245 0 e [0 ) 0 PR R 4 7
USRI A bRic Y, ANITTHE S lE IR Z W kI
RIHRIBUE LY. XIERF A X T BB AL 1Y AT f
FEMERYFFR. Hedn, FI A s R g AR ] DL 51 EAT
KERYERAIE M) T4, TETREE 5 BRI 5 | A\E= 1L
AT DR B A R HE P AR A, XS N T
REJT I M F 98 2 2 A= W IR T S 1) JE B, (2
A FLEEAT PR A EAT A A Ef . SR, AT
BEMAT A N TR Be sk H B i i 3%, BEE T
fRREPE N TR RN AR A S, AR i 24 W Uk
R IR E T AR EY AR, XA BT
S REIRIT 29 53 FALEI, 2 BEAT LIAE R 25 045
AU EUE 9K 3l K 2% (oncogenic  drivers), FRFHAL AL Ak
HEBEST BT (A PRI T R

1 Dagogo-Jack I, Shaw A T. Tumour heterogeneity and resistance to cancer therapies. Nat Rev Clin Oncol, 2018, 15: 81-94

2 Azuaje F. Computational models for predicting drug responses in cancer research. Brief Bioinform, 2016, 18: 820-829
3 Cortes-Ciriano I, Mervin L, Bender A. Current trends in drug sensitivity prediction. Curr Pharm Des, 2016, 22: 6918-6927

3558


https://doi.org/10.1038/nrclinonc.2017.166
https://doi.org/10.2174/1381612822666161026154430

11

12
13
14

15

16

17

19

20
21
22

23
24
25

26
27
28
29

30

31

32

33

34

35

Shoemaker R H. The NCI60 human tumour cell line anticancer drug screen. Nat Rev Cancer, 2006, 6: 813-823

Barretina J, Caponigro G, Stransky N, et al. The cancer cell line encyclopedia enables predictive modelling of anticancer drug sensitivity. Nature,
2012, 483: 603-607

Garnett M J, Edelman E J, Heidorn S J, et al. Systematic identification of genomic markers of drug sensitivity in cancer cells. Nature, 2012, 483:
570-575

Yang W, Soares J, Greninger P, et al. Genomics of drug sensitivity in cancer (GDSC): A resource for therapeutic biomarker discovery in cancer
cells. Nucleic Acids Res, 2012, 41: D955-D961

Basu A, Bodycombe N E, Cheah J H, et al. An interactive resource to identify cancer genetic and lineage dependencies targeted by small
molecules. Cell, 2013, 154: 1151-1161

Seashore-Ludlow B, Rees M G, Cheah J H, et al. Harnessing connectivity in a large-scale small-molecule sensitivity dataset. Cancer Discov, 2015,
5:1210-1223

Costello J C, Heiser L M, Georgii E, et al. A community effort to assess and improve drug sensitivity prediction algorithms. Nat Biotechnol, 2014,
32: 1202-1212

Menden M P, Wang D, Mason M J, et al. Community assessment to advance computational prediction of cancer drug combinations in a
pharmacogenomic screen. Nat Commun, 2019, 10: 2674

Chang K, Creighton C J, Davis C, et al. The cancer genome atlas pan-cancer analysis project. Nat Genet, 2013, 45: 1113-1120

LiJ, Lu Y, Akbani R, et al. TCPA: A resource for cancer functional proteomics data. Nat Methods, 2013, 10: 1046-1047

Geeleher P, Zhang Z, Wang F, et al. Discovering novel pharmacogenomic biomarkers by imputing drug response in cancer patients from large
genomics studies. Genome Res, 2017, 27: 1743-1751

Sharifi-Noghabi H, Zolotareva O, Collins C C, et al. MOLI: Multi-omics late integration with deep neural networks for drug response prediction.
Bioinformatics, 2019, 35: i501-1509

Subramanian A, Narayan R, Corsello S M, et al. A next generation connectivity MAP: L1000 platform and the first 1000000 profiles. Cell, 2017,
171: 1437-1452.¢17

Tan M, Ozgiil O F, Bardak B, et al. Drug response prediction by ensemble learning and drug-induced gene expression signatures. Genomics, 2019,
111: 1078-1088

Rampasek L, Hidru D, Smirnov P, et al. Dr.VAE: Improving drug response prediction via modeling of drug perturbation effects. Bioinformatics,
2019, 35: 3743-3751

Vougas K, Sakellaropoulos T, Kotsinas A, et al. Machine learning and data mining frameworks for predicting drug response in cancer: An overview
and a novel in silico screening process based on association rule mining. Pharmacol Therapeutics, 2019, 203: 107395

Torio F, Knijnenburg T A, Vis D J, et al. A landscape of pharmacogenomic interactions in cancer. Cell, 2016, 166: 740-754

Gonen M. Bayesian efficient multiple kernel learning. ICML, 2012, arXiv:1206.6465

Gonen M, Margolin A A. Drug susceptibility prediction against a panel of drugs using kernelized Bayesian multitask learning. Bioinformatics,
2014, 30: 1556-i563

Daemen A, Griffith O L, Heiser L M, et al. Modeling precision treatment of breast cancer. Genome Biol, 2013, 14: R110

Hejase H A, Chan C. Improving drug sensitivity prediction using different types of data. CPT Pharmacometrics Syst Pharmacol, 2015, 4: 98-105
Jang 1 S, Neto E C, Guinney J, et al. Systematic assessment of analytical methods for drug sensitivity prediction from cancer cell line data. Pac
Symp Biocomput, 2015, 2014: 63-74

Wan Q, Pal R. An ensemble based top performing approach for NCI-DREAM drug sensitivity prediction challenge. PLoS One, 2014, 9: ¢101183
Su R, Liu X, Wei L, et al. Deep-Resp-Forest: A deep forest model to predict anti-cancer drug response. Methods, 2019, 166: 91-102

Matlock K, De Niz C, Rahman R, et al. Investigation of model stacking for drug sensitivity prediction. BMC Biolnf, 2018, 19: 71

Haider S, Rahman R, Ghosh S, et al. A copula based approach for design of multivariate random forests for drug sensitivity prediction. PLoS One,
2015, 10: e0144490

Le D H, Nguyen-Ngoc D. Multi-task regression learning for prediction of response against a panel of anti-cancer drugs in personalized medicine.
In: Proceedings of the 2018 1st International Conference on Multimedia Analysis and Pattern Recognition, Ho Chi Minh City, 2018. IEEE:
Piscataway, N.J

Tan M. Prediction of anti-cancer drug response by kernelized multi-task learning. Artif Intell Med, 2016, 73: 70-77

Yuan H, Paskov I, Paskov H, et al. Multitask learning improves prediction of cancer drug sensitivity. Sci Rep, 2016, 6: 31619

Suphavilai C, Bertrand D, Nagarajan N. Predicting cancer drug response using a recommender system. Bioinformatics, 2018, 34: 3907-3914
Papillon-Cavanagh S, De Jay N, Hachem N, et al. Comparison and validation of genomic predictors for anticancer drug sensitivity. ] Am Med
Inform Assoc, 2013, 20: 597-602

Parca L, Pepe G, Pietrosanto M, et al. Modeling cancer drug response through drug-specific informative genes. Sci Rep, 2019, 9: 15222

3559


https://doi.org/10.1038/nrc1951
https://doi.org/10.1038/nature11003
https://doi.org/10.1038/nature11005
https://doi.org/10.1093/nar/gks1111
https://doi.org/10.1016/j.cell.2013.08.003
https://doi.org/10.1158/2159-8290.CD-15-0235
https://doi.org/10.1038/nbt.2877
https://doi.org/10.1038/s41467-019-09799-2
https://doi.org/10.1038/nmeth.2650
https://doi.org/10.1101/gr.221077.117
https://doi.org/10.1093/bioinformatics/btz318
https://doi.org/10.1016/j.cell.2017.10.049
https://doi.org/10.1016/j.ygeno.2018.07.002
https://doi.org/10.1016/j.pharmthera.2019.107395
https://doi.org/10.1016/j.cell.2016.06.017
https://doi.org/10.1093/bioinformatics/btu464
https://doi.org/10.1186/gb-2013-14-10-r110
https://doi.org/10.1002/psp4.2
https://doi.org/10.1016/j.ymeth.2019.02.009
https://doi.org/10.1186/s12859-018-2060-2
https://doi.org/10.1016/j.artmed.2016.09.004
https://doi.org/10.1038/srep31619
https://doi.org/10.1136/amiajnl-2012-001442
https://doi.org/10.1136/amiajnl-2012-001442
https://doi.org/10.1038/s41598-019-50720-0

A% b & 20205118 $65% £324

36

37

38

39

40

41

42
43

44

45

46
47

48

49

50

51

52

53

54

55

56
57

Ding M Q, Chen L, Cooper G F, et al. Precision oncology beyond targeted therapy: Combining omics data with machine learning matches the
majority of cancer cells to effective therapeutics. Mol Cancer Res, 2018, 16: 269-278

Aben N, Vis D J, Michaut M, et al. TANDEM: A two-stage approach to maximize interpretability of drug response models based on multiple
molecular data types. Bioinformatics, 2016, 32: i413-i420

Le D H, Pham V H. Drug response prediction by globally capturing drug and cell line information in a heterogeneous network. J Mol Biol, 2018,
430: 2993-3004

Turki T, Wei Z. A link prediction approach to cancer drug sensitivity prediction. BMC Syst Biol, 2017, 11: 94

Stanfield Z, Coskun M, Koyutiirk M. Drug response prediction as a link prediction problem. Sci Rep, 2017, 7: 40321

Zhang N, Wang H, Fang Y, et al. Predicting anticancer drug responses using a dual-layer integrated cell line-drug network model. PLoS Comput
Biol, 2015, 11: ¢1004498

Yap C W. PaDEL-descriptor: An open source software to calculate molecular descriptors and fingerprints. ] Comput Chem, 2011, 32: 1466-1474
Yang J, Li A, Li Y, et al. A novel approach for drug response prediction in cancer cell lines via network representation learning. Bioinformatics,
2018, 35: 1527-1535

Zhang F, Wang M, Xi J, et al. A novel heterogeneous network-based method for drug response prediction in cancer cell lines. Sci Rep, 2018, 8:
3355

Wang W, Yang S, Zhang X, et al. Drug repositioning by integrating target information through a heterogeneous network model. Bioinformatics,
2014, 30: 2923-2930

Ramachandram D, Taylor G W. Deep multimodal learning: A survey on recent advances and trends. IEEE Signal Process Mag, 2017, 34: 96-108
Baltrusaitis T, Ahuja C, Morency L P. Multimodal machine learning: A survey and taxonomy. IEEE Trans Pattern Anal Mach Intell, 2019, 41:
423-443

Wang Y, Li M, Zheng R, et al. Using deep neural network to predict drug sensitivity of cancer cell lines. In: Proceedings of the Intelligent
Computing Theories and Application, Cham, 2018. Springer International Publishing, Cham

Li M, Wang Y, Zheng R, et al. DeepDSC: A deep learning method to predict drug sensitivity of cancer cell lines. IEEE/ACM Trans Comput Biol
Bioinform, 2019, doi: 10.1109/TCBB.2019.2919581

Schroff F, Kalenichenko D, Philbin J. FaceNet: A unified embedding for face recognition and clustering. In: Proceedings of the 2015 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), Boston, MA, USA, 7-12 June 2015, 2015. IEEE: Piscataway, N.J

Chiu Y C, Chen H I H, Zhang T, et al. Predicting drug response of tumors from integrated genomic profiles by deep neural networks. BMC Med
Genomics, 2019, 12: 18

Chang Y, Park H, Yang H J, et al. Cancer drug response profile scan (CDRscan): A deep learning model that predicts drug effectiveness from
cancer genomic signature. Sci Rep, 2018, 8: 8857

Futreal P A, Coin L, Marshall M, et al. A census of human cancer genes. Nat Rev Cancer, 2004, 4: 177-183

Forbes S A, Beare D, Boutselakis H, et al. COSMIC: Somatic cancer genetics at high-resolution. Nucleic Acids Res, 2016, 45: D777-D783
Manica M, Oskooei A, Born J, et al. Toward explainable anticancer compound sensitivity prediction via multimodal attention-based convolutional
encoders. Mol Pharm, 2019, 16: 4797-4806

Rogers D, Hahn M. Extended-connectivity fingerprints. J] Chem Inf Model, 2010, 50: 742-754

Choi J, Park S, Ahn J. RefDNN: A reference drug based neural network for more accurate prediction of anticancer drug resistance. Sci Rep, 2020,
10: 1861

3560


https://doi.org/10.1158/1541-7786.MCR-17-0378
https://doi.org/10.1093/bioinformatics/btw449
https://doi.org/10.1016/j.jmb.2018.06.041
https://doi.org/10.1186/s12918-017-0463-8
https://doi.org/10.1038/srep40321
https://doi.org/10.1038/nm.3954
https://doi.org/10.1038/nm.3954
https://doi.org/10.1002/jcc.21707
https://doi.org/10.1038/s41598-018-21622-4
https://doi.org/10.1093/bioinformatics/btu403
https://doi.org/10.1109/MSP.2017.2738401
https://doi.org/10.1109/TPAMI.2018.2798607
https://doi.org/10.1186/s12920-018-0460-9
https://doi.org/10.1186/s12920-018-0460-9
https://doi.org/10.1038/s41598-018-27214-6
https://doi.org/10.1038/nrc1299
https://doi.org/10.1093/nar/gkw1121
https://doi.org/10.1021/acs.molpharmaceut.9b00520
https://doi.org/10.1021/ci100050t
https://doi.org/10.1038/s41598-020-58821-x

Summary for “ \ T4 AR AE 2454 4N i S0 o ) v #g 2 AT

The application of artificial intelligence to drug sensitivity
prediction

12 - 13 ~r 12 . 12 12 e e 12
Xutong Li 7, Xiaolong Wu ~, Xiaozhe Wan ~, Feisheng Zhong ~, Chen Cui ~, Yingjia Chen ~,
. 12 .. 12 . . 1,2% 3 1,2%
Lifan Chen ~, Kaixian Chen ~, Hualiang Jiang =~ & Mingyue Zheng
I Shanghai Institute of Materia Medica, Chinese Academy of Sciences, Shanghai 201203, China,
? School of Pharmacy, University of Chinese Academy of Sciences, Beijing 100049, China;

? School of Pharmacy, East China University of Science and Technology, Shanghai 200237, China
* Corresponding authors, E-mail: hljiang@simm.ac.cn; myzheng@simm.ac.cn

The development of computational methods for the prediction of effective therapeutic strategies based on the genomic
information of patients is the main challenge of precision medicine. Since the 21st century, next-generation sequencing
(NGS) has opened up new possibilities for personalized medicine. Extensive characterization at the molecular level for
hundreds of cancer cell lines has been brought to the public eye by many organizations and agencies around the world. For
example, the National Cancer Institute 60 Human Cancer Cell Line Screen (NCI-60), Cancer Cell Line Encyclopedia
(CCLE) and Genomics of Drug Sensitivity in Cancer (GDSC) have provided large-scale omics data such as genomic,
transcriptomic and epigenomic data characterizing cancer cell lines, and The Cancer Genome Atlas (TCGA) has
molecularly characterized over 20000 primary cancers of patients. Combined with the drug response data of cancer cell
lines, multiomics data could be used to analyse the mechanisms of action of anticancer drugs, which could be incorporated
into precision medicine strategies.

Over several decades, artificial intelligence (Al) technologies based on big data have revolutionized bioinformatics. Al
has built a bridge between genomics and drug sensitivity by promoting the development of predictive models for the drug
response of cancer cell lines. The 2012 NCI-DREAM drug prediction challenge has been particularly influential, as the
innovative applications of machine learning that emerged from it have laid the groundwork for future studies. However,
classic machine learning models are still challenging in terms of predictability because they limit the systematic integration
of high-dimensional multiomics data. Therefore, network-based approaches, including link prediction and network
representation, have become mainstream methods for drug response prediction. On the one hand, network-based
approaches have not faced the “small n, large p” problem since the multiomics features are either represented in a gene/
protein network or embedded in similarity networks between cell lines. On the other hand, the introduction of gene
regulatory networks (GRNs) and protein-protein interactions (PPIs) into the predictive model can provide a functional
background for the integration of genomic data and thereby improve the predictive performance of drug response. In
addition to network-based approaches, multimodal deep learning models can systematically integrate multiomic data by
considering them as different modalities. Generally, there are three feature fusion methods in deep neural networks: Input-
level feature fusion (early fusion), intermediate feature fusion and decision-level fusion (late fusion). Intermediate feature
fusion is predominant in drug response prediction studies, by which features are learned separately for each type of omics
data and then integrated into one unified representation to be used as the input for a classifier or a regressor. Moreover, the
features of drug structures can be used as a model to improve the performance.

In brief, we summarize the characteristics of publicly accessible genomic databases and discuss the trends of artificial
intelligence applications in drug sensitivity prediction for cancer cell lines, including machine learning, networks and
multimodal deep neural networks.

drug sensitivity, machine learning, network, multimodal
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