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MC» 1.22 1.22 1.22 0.001
SCy 0.91 0.95 0.93 0.020
MCg 0.77 0.73 0.75 0.017
MCs 0.72 0.75 0.74 0.018
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RS FAd FEIEE vF eux ZEaYg FHsE 4
Agksteh. 2 olm A dlolEl s thE2A f1AF dlo]Ee] AdS
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TCGA Patients A. Predicting drug response for TCGA, PDX, and GDSC.

. A1. 3D representation A2. Multiple gene-centric A3. Prediction
for multi-omics profiles intermediate features for drug response
genel [ 3 ) genel - genel @
PDX mice model gene2 gene2 gene2
“ Sensitive
gene3 gene3 gene3 or
’, Resistant
Build
3D Tensor
B. Analyzin the contribution ratio of omics types
somatic [N
mutation
Copy B1. Applymg Integrated Gradient (IG) algorithm to input data
number
- B2. Extracting the B3. Grouping v
top 100 contributing the genes by :‘omll It"cn ﬁ:;{er
Input genes omics types -
_ s Aség & ,‘_Qf' g‘ﬁ" -
& ﬁ‘\s S h & - \ij -
s v T & o | s
&y & | s TS
& & B4. Normalizing their| 259, 43.8% 31.2%
contribution values.

a4 12. F3A T4 OF AL(GCMO) 7x9 7 8.
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© d7M= CDR d5< 913 vs eys Trads 5938

#3 CNNE 7|Hbe. 2 st= F4dx 49 s MY 7% (GCMO) &

Aersttt, GCMCE CDR o= 2dl = H&oz {F71A9 49

£ A (order—invariant) < 7F2 CNN  Fxolt}. 718 129 7]
GCMCE ts 29A ERRE A 2¢gs 7Fd 339 "X =

kst GCMCe dEFAH QA

Ez WEE 2%317] 98 CEE 72 A9 t= oula zTzales
Fsstel oy e F3 5EAE A oA oA GCMC+

GCMC+= TCGA =k, PDX

npo s wmdE wl

GDSC AxZF
HolH AEE :2ge takdt volg AECM FriEd 2 A

GCMCE =7] % 57 & 243 "y GCMCx= GDSC A5

Hole] MEQ 2657 °FE T 75% oldeld w@d eyx ndS
¥33 7| REHt ¢ Uy AsS 244 =3 GCMCZF AUPR

4 ROC oA TCGA % PDX HolH AHEA Hil Aes
gygor, o Fd UPAA FEASHANE e WA
AYes weth Ed B AFeaE AZRRe Aol
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3.21 %71 9 7] 5% 7|4 74

A CDR d=2 8 7] & 7INF Eelg dopEnt [104]+=
theFsl A MEZoR AHPR AR §AAE APty o] WS
AES} elastic netel]l ts ¥ HolEr/l &3d 5S4k

CDR d=g F3sith. [105]S o= 7lsAo] =& 4x AES

=4, CDR& dZ3t7] s 2 7H« 71 &% 76 =2ds
A A3, DeepDR[107]1& 2z oulA £330 fs] TCGA Holg=
ALE3Fe] @ EQlF T (autoencoder, AE) RdS Ald @, AEE
DeepDR2| o5 HEof A4zt MEF do]E oA CDRES 53t
DeepCDR[95] FFNNg& ARg3sto] 7z} eyl dHolHeo] st

100228 545 FE3 vt DeepCDRE 3k 545 33 ¥ CDR

o && et MOLI[86]E TCGA 9 PDX ©lo]E AEE A3}
2t oA §¢ MR AEE g5dt T3 5245 FEIH MOLI=
A2 #3129 A (state of art, SOTA) = 7F EHEH, [86] A &
owmia w27 F3 Wy Uk YHE IS VIS 2do dee
s7Hes Bt sHAR 7§ INe RdEd $F St
SAE FE317] S8 ARl gEatcdl, AES W wWiyidsE 1Ak

Hlole] AES] woj=of gt s#gte] FHefbstAl 2 fjgo] A gtnt.
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A=3t7] 1A PAM50S] 4k Wy} HAF 5 HlolHE T ITH
a8y (9110l Axst AAE, o] WS #fAAe] Al wigh
=4 (order—invariant) & zH4 XFu. o] EAlE sdsr] el
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a8y GSNO| A 'lEElRl A7) A3t A& (self-organized map,
SOM) & 7WEst7] S8l &vke 9 fF4AE A3 Adgshe 32
o8] sjdsty] olg® HAZ Hol drk. E =], AR APA

14719 §AAE HEH oz Aagor} o4 CDR 9=&

kel
oot n:E
o
q HU
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7kl 4 dlol”el dis 27t o5 2xkd yE=E JEkd 4+ Qo
Deyp € RO, Dy € RS, Dy € RS L 01714 G fAAke] M5E
e 3, S+ dlolE A& AE vERdT

=4, 05 ens FHE 4 A 9 AER AHs] 3ad

N

A= ddd A

DeRFSO = gyg, ARAow 7 fAAe oF tE e
seols FAl BAdel 0 AnE AnAow $88 5 ok

3312 54 & EFE
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ATelM= " 12(A2)9F #Zol Fda =4 &9 Fd#
e 5AE F=917] Y8 AEFAH 2 FYH (convolutional encoder,
CE)E 743tk dnitdow CEx 7Y K& AR&ate] flelx Ao
32k v eYlX "M Do 54E FEH. 1Y Ke MUHe FEE
S 54 ZeRSME A4t Ad Ke R0 = Fd 753
7R ] eafolw o7 M &} F = 27 Yo il Ade
A71& vERdTh
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AAYT AQ 27 FE QYo FAHE fA 52 A4a B
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A7) (stride) T & #Agol s ®e| AYHE FHAA &8 4

o
=

.
ARHor EAAE 29 FHA FE (G-F)/T+1=2 W3ty wahA
2 A= FAAe &4 EWA (order—invariant)©] HES
CEE 7537l flall Ady ®B%Ee) A7]5 12 A weF 19X

dow fAAS £l wleby FF8 549 Add ghel tiat WHo]

99 9% FFatol A K m WA BEE Aol n vl
Hole] WE(D) Y BE fAA] A F SA Zyn T FEHE
e thgst g

[ C

O-(Ej Dl,n,ij,j)
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7 — G(Zj D2,n,ij,j)

n,m

.
_O-(Zj DG,n,ij,j)_

4714 ¢ 4F dolEoN e F39 5 YElH, nom, it
ME, AE 2 ALY JYAE Yela, o() + ReLU(Rectified
Linear Unit) & &2 &3} & UERAT

opxuk golojo = Ade e A7) MS 107 HAAHste] ol
N T3 EAE 9d HEHZE 4S5tk AAFORE o] RES g€
RO HF K12 T4 545 A

£ AY Ky & 94 292~ {3 &) 178 ¢ 7HA e
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B oATeAE 28 12033 Zol fd4 4 542 Bgw

2

t& CDR #= od5sle o5 ZEs 753k o] o5 R Ee
A AR e ThAE ek Sl ¢

connected neural networks, FCNN) &2 FAE 3t} o] RE2 545
AxkA 3ol wigstal CDR <55 9% ARE FEIA. o=

e A5 fd shdm delel® WYl wsg

Al Z1E0) = (sigmoid) 433} <=2 AAFH

m stetelelsh 99.9% E@slel AUtk o we el seprEEe
A% WES 1A delE AEY wolzel vk AAFel Aok
WE 4 odvHe4]. webd BT YAy S8 dolo] Aol

Edobx(112]= AR
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3.3.1.4 A3 @ o)y vy B4

rbr

A s ol wzak dE=Zyolxn HA3 7| AdamWI[113]

o

It AdamWi= 7tex Z4E &4 el did HAsk dA A

walste] 7hsA A E L, Aarstel sdskA e vt AEHS
MOLI[86]¢] AetE & TCGA Holg AMEo ALHAL, 55

Aolstr] fAsiA FZAR!D @& (consine  annealing) 7|HFS] &)

)

AAIEH 11415 A8, Q714 WY DAl AA s @A 9
5%0]1 HA THES %7 559 10%°]tl. PReLU (Parametric

Rectified Linear Unit) [115]°] &3} g2 AFgH )

3.3.2 "oy +5 3 AA g

3.3.2.1 TCGA ¥ PDX Hlo|H

AT oS5 2] I A8 TS flE PDX R
a3 TCGA k7 ol AEE A&tk PDX dlolg AECA of
30070l PDX Edo] 3070 ol ofE® Aawd HASI[79].
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AESL oFE Hbg HPOlEE At vE eulAs TRk Zf ofkEo
A

et GAA HE, AL Sddo] 9 g7

FAAE  Fgsto] TCGAlA <F 15000702 F3Akel PDXellA
13,00070¢ A4S YA AT PDXo= 471A] ¢kEo] 913 TCGAS)

37kA ¢FEo] glow, Gemcitabine> TCGA% PDX RFo| A AR&-gTh

3.3.2.2 §AZF ©lolH

Td 2 AZF HEC CCLESt GDSCE A4t CCLE
dolguol A = e HAETO] sk f¥a Id, AAE
Edno], B4 = dlolHE AFdth 2 AT E AAE sdHol
2 FHlx = BAF = HolHE DeMap oA thE= itk
gz Md P RMA) HHoE Aarstd FAA dd ZEIYS
Paccmann pytodall16]olAd 2= It

Scikit—learn te]B e [117]5 T3 FA7 2d #%o FdS
AAsL e SAtew sl EF HAeR RAAFH AAHE
EdRlo] Heole= EAWolrt e A 18 @9t ymA o

et 0F s mzdddd  4d4E @A

o
o
i)

14,0701 §AAE FE=Poh. w3 G142 3d oy A EA
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63170 AlxFE FFskal FEE AXxEF7E 022 A dHolHE

FEAh. 2 A, 7 2¥a ZEade: 14,0707 FHA #F
54& 7HA 631709 AEF7F & gAow TAH AT

GDSC dlolgHo] A~ thafi of= A HolHeo| tidt oF=

HES Al Ho]El S AFst. o] HolEE 26571 <= 100170

I

SFA|ZFoA] o]FEE IC50 Fow FAHo Qtt. ©E oy

Rl
i

ZeatdI okE RkgolA FEE AEXFE Ve R T 630

MEFANA 2657) XER HAESE 134,846701¢ IC50  Fto)

A= Tt

3.3.3 29 H7} =4

3.3.31 dzx 24

= AreME Ve BEe 7Es] fed =7 9 T w9

N

7S AR A4, MOLIE PDX 4 TCGA®] thdt CDR 5%
9]k SOTA E#o|th. MOLIE=E Deyp,Dmut® Den s ARS8 ZF @u 2
Zrade] it F3F SHAS YA S AEE 753 MOLIE

i 54E ddste o5 EEe At MOLIes ds=
AN 717 Yl S £ (triple loss) 7S AFE3kth o] HH e
FrAESE dlolB gk frAkekA] S dlolE Atole HAES] ARE FEF
gty 53] MOLIS] At &4 W22 3 x| dlolA Aok &t

oot B AN AgEy] gEe] o A MY WEY
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A= T oA FEarE Fdesith. gEba 2 AFeA e
MOLIE Fdst= o] 71¥e &84S Fdststy] s wix 2715
Hojgt A HAY olFE FI A WA AEAA F FYxE
AN G5 =v . B dFE MOLIS TCGA 49 PDXe ROCS

AUPR  Ads=  Fxs7] f8M &g A 238 As

=4, 7] 5% 29 Early_multi® Deyp D2 Den S 5 H T
o] Edlo] GCMCe E+ HA 3t WHS HIAESIe] R4l o} ElA o

e s AolE AgstAl mluFd. odE 5o HA3F Wl

2
malste] efels Avich we AT, (98], [99]°] w=w

71E RAo G5 sdsA HESH] S8 e ey As 54 0=
A (masking) 8fed ©@ed eulAx ndle AT el oulAs pdl
GCMC_exp, MOLI_exp % Early_exp®} #o] Rd o]Eo] 'exp's

HUARR ARG-FT
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T 7 A ARE ARESE] REY Ades H7FHH ROC-
AUCY AY=-A €& (precision—recall) AUC (AUPR)©|t}. whek
gl o] g2 7489 wl&e] E+#¥ st AUPRo] ROCHT
o= 7 o g AgsiA deaels 42 5 vk RE Ae

e Aol7h FAACR FotA RS #Qlety] 9l paired t-

TCGA % PDX ©Hlolg] AES HAE AEJ fst nds Hr3ich
mdol sloly ItuHE ©ASr] §d GDSC % CCLES +d

HMEZS Algste]  AE3tE 5% (stratified 5—fold) A} HSS

A E A H 7}

=4, GDSC A EF dlolE] AEe] et wds F7Hv. ASstd
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e B w9 G Ed HlolE 7 CDR ClSel 7HE

eula Bds 5ok des SAUH. 1E 59, GCMC, MOLI 8l
Early_multix ROC$%} AUPROS=Z Z}Z} GCMC_exp, MOLI_exp Y

Early_exp?} vl 1 ¥ At}

3.3.3.3 & H 7|gn] &

2 Ao 74 Eo HESAES St HAoA eulA
FEo 7o v&S AT WA IG LugSE AlEste] 249
Ad=g "ol e o= Ay Y #AE vERdY IG €aElES FEY
B 3t 7dx s AEdor, o]F Fgste] ewA {39

& P RPeRP*OZ VARTE 7HE =2 A 100707)

_EL
E

aS5E eus Bl VIR AAHNCH, DR ke 0749

oul A golowg FAHET wE B owlA el ko tid 7o) H&

o

HEE rpeRPOZ FAT 5 Qlvh o5 oA, rdp. rhu. T

, ARl A% V19 ME

i
1o

HE S UebdTh olol B, ratioey,, Tatiomy, ration, < 57
ofFFof st 7 eulA EFQle) 7]oj &S vERATE

T3t RP2] IQR (interquantile range) & =74 3to] Rdo] 7} oFE 9]
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3.4. A+ A

3.4.1 TCGA ¥ PDX do|lg 7|4¥te] A5 vl

TCGA % PDX dHolH MEE AE3sted GCMCE 7|+ 2d3}
Hlw ok ¥ 404 HiE= viel 7o), GCMCx ROCS2 AUPR E-FollA

#Hae] s
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t}. E3], PDX Hlo]g AE°|A GCMC2 MOLI
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Atolell= 2 A 373
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Ax}7} 9lth. PDX ©HlolE] AE: 3
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16%% vi-f- =d% Fom, o7]4 4 HlES % 49 Random
classifier® A"t} & 59, PDXE Gemcitabine, Erlotinib,
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¥ 4. TCGA ¥ PDXA Hrte 249 A5 ¥

TCGA (patients)

PDX (mice models)

AUPR p-value
Docetaxel Cisplatin ~ Gemcitabine Paclitaxel Gemcitabine Cetuximab Erlotinib
Random classifier 0.50 0.91 0.37 0.12 0.28 0.08 0.14 0.001
Early_exp 0.51 0.89 0.44 0.11 0.34 0.09 0.22 0.001
GCMC_exp 0.55 0.92 043 0.32 043 0.31 0.24 0.005
Early 0.49 0.92 0.44 0.10 0.37 0.09 0.29 0.001
MOLI 0.49 0.93 0.45 0.24 0.49 0.11 0.33 0.005
GCMC 0.67 0.98 0.68 0.45 0.53 0.47 0.60
TCGA (patients) PDX (mice models)
ROC p-value
Docetaxel Cisplatin ~ Gemcitabine Paclitaxel Gemcitabine Cetuximab Erlotinib
Early_exp 0.58 0.68 0.62 0.58 0.48 0.48 0.45 0.005
MOLI_exp 0.63 0.75 0.64 0.69 0.52 0.51 0.39 0.034
GCMC_exp 0.61 0.68 0.63 0.72 0.50 0.74 0.52 0.011
Early 0.55 0.63 0.63 0.55 0.62 0.51 0.61 0.003
MOLI 0.58 0.66 0.65 0.74 0.64 0.53 0.63 0.019
GCMC 0.66 0.78 0.70 0.77 0.69 0.83 0.80
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AA, ¥ AFelM= 2 BEEo] dviby fdsA eHlA fE=
zFste] CdF Ass FATIEA FAFT 29 1464 RS E
gto] ZTFE} A TFEoZ Qokgrh. GCMCeolA &= 23 14(A1) oA ¢}
Zol 7 oA §3 9 B 7]ofg&o] 50%E 9A Ekth ®bde &
EdoMs HaAoer @d evlA F3o] AFH. dFE =ol,
MOLIS] B+ r2&+ 19 14(A2)9} #o] 71.6%°]3 Early_multi®]

At rez,?ps‘: I 14(A3)9F ol oF 100% At HE8H R*652] IQRS

FAst] 2l FAAES w43 b oFE TRV e w 2o
AFgsHE eHlA H3e HlEE A 2AHYWE, =2 IQR ol
=49, 19 14B)9 o], GCMCY IQRE HA 0.469 whd
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3.5 1z
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Erlotinibell ti3] PFKFB3 4 EGFR¥} 72 A9 Fdx5 FEId.
Erlotinib< 71 E}AQl EGFRel f T+ 53 A&[120]1, [121]9]
ROk, FHT AF[118], [119]elM= PFKFB3$ EGFR Abo]9]
MEL ARZAEAE gQlsto] tish Erlotinibe FHEE FEAI7|=
o7 gelgt, w3 GCMCE AKR1IB10¥ FGFR3<S Dasatinib?]
A8 FRAAR AAZPY HE A [122]94+= AKR1B109]
th$- - F1H]) Al (daunorubicin) @] AKRIB10 w7 tiAbE oA 8le] @
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eulA HESIR F5FT F Utk dE =94, T UESAE
chal g —opul 2l A 22 (protein—protein interaction, PPD ¥ #&
AEsHH el A2 &gt} T3k tF AQd 2uAs HEYIAES
Z3orsl7] s 23 A1 F W (graph neural networks, GNN) Ed-&
883 4 Qlvh HZel= pPprIl124], [125] o g == /9 22
ety vEQAE Frbshr] fls whkst GNN 2o ZEE i
5 EolA, PPI[126]°] dist &3 <5 2 AA A I5[127],
A A=Z A (128], 28 AR 7]s o5[129] o] Ut

A4, GCMC+¥ multi—task learning(MTL) o2 ®EES -4 3&}o]
st 282 ¥Y F Utk MTLS 5dd 949 dolHE 853t
theFet B35 ShEeth(130]. @S] WA uka dlojE AS okEwmirt
g5 HolE 7 A Ee] dar, Zb okEvitt oS EHS ShEalok 7]
g2 g&o] urh webs, Fdd MEF HolHE fd¥eta 19
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Abstract

A study on multi—channel based
Al architecture design
for drug discovery

Munhwan Lee
Healthcare Management and Informatics

The Graduate School

Seoul National University

Designing new drugs with desired efficacy remains a challenge
for the pharmaceutical industry and requires a cost—intensive
process. In particular, the efficiency problem of new drug
development represented by Eroom's law is in stark contrast to the
rapid technological development in other fields. Since the 1950s, the
number of new drugs approved by the FDA at $1 billion in R&D costs
has halved about every nine years. Recent advances in disease
biology and the use of bioinformatics—based biomedical big data have
slightly increased the efficiency of new drug development. However,
the number of new drugs approved by the FDA with a R&D cost of
$1 billion is still limited to less than one.

Recently, attempts to increase the R&D efficiency of new drug

development by using predictive models based on artificial
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intelligence are increasing. For example, the identification of drug—
target protein interactions (DTI) is a basic step in the discovery of
drug candidates. DTI plays an important role in various applications
such as discovery of new drug candidates, repurposing of drugs, and
prediction of off—target or side effects. For this purpose, from
traditional machine learning models to modern neural network models
are being utilized to predict DTI. However, there is still room for
improvement in that the drug candidate or target protein is expressed
with only one type of features for each drug and target protein.

In addition, the efficacy and heterogeneity of different anticancer
drugs for different cancer patients is a challenging task to be solved
in the development of new anticancer drugs. In particular, tumor
heterogeneity across the genome, transcriptome and epigenome can
impair the efficacy of anticancer drugs. To overcome this, artificial
intelligence models for multi—omics integration have been proposed
to utilize various levels of biological data. However, existing Al
models have limitations in that they are vulnerable to the inherent
complexity and noise of biological data because different types of
omics data are constructed as a single, one—dimensional feature.
Therefore, it is also reported that performance can be worse than
when using single omics data.

Therefore, in this study, we propose that the Al model learn
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various biological aspects by building the features of each data
through muilti—channels. First, for the identification of DTI, a multi—
channel paired input neural network (MCPINN) was proposed.
MCPINN maximizes representation learning ability by utilizing three
approaches of DNN: classifier, feature extractor, and end—to—end
learner. MCPINN utilized various levels of features as input into
multiple channels and incorporated those features. MCPINN showed
the highest performance in performance and training speed. In
addition, MCPINN utilizes transfer learning to improve the
performance of toxicity prediction.

In addition, in this study, a gene—centric multi—channel (GCMC)
architecture was constructed for predicting anticancer drug
responsiveness. GCMC transforms multi—omics data into a three—
dimensional tensor, and a new dimension expresses the omics type.
GCMC can extract gene—centric new features by integrating multi—
omics profiles for each gene. GCMC showed better performance than
the previous best performing model in 265 cancer cell line data,
TCGA patient data, and PDX patient—derived mouse model data. In
addition, GCMC can flexibly utilize optimal omics types to improve
performance for each drug task. These results suggest that GCMC
can integrate multiple omics profiles in a gene—centric manner to

improve performance and feature extraction capabilities.
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