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[Abstract]

Predicting the drug response (IC50) of cancer cell lines is crucial in precision oncology and drug repurposing. However, many
existing models independently encode drugs and cells and simply concatenate their representations, thus under-utilizing drug—cell
interactions and the biological structure of functional gene sets. We propose a Gene Set Cross-Attention model, GS-ChemDRP,
that applies drug-conditioned cross-attention to cell representations obtained by aggregating 949 Genomics of Drug Sensitivity in
Cancer (GDSC) database gene expression features into MSigDB Hallmark gene sets, while regularizing ChemBERTa drug
embeddings via supervised contrastive learning. Using the GDSC dataset, the proposed model achieved a test Pearson’s correlation
coefficient (PCC) of 0.922 and a root mean square error (RMSE) of 1.069, improving over the ChemBERTa + MLP baseline
(PCC, 0.911; RMSE, 1.133). These data suggest that this integrated design can enhance both the accuracy and pathway-level

interpretability of anti-cancer drug response predictions.

MOIO| . of= HES 0=, Gene Set, Cross-Attention, X| = CHZE &+ GDSC

Keyword : Drug Response Prediction, Gene Set, Cross-Attention, Supervised Contrastive Learning, GDSC

http://dx.doi.org/10.9728/dcs.2026.27.2.557 Received 23 December 2025; Revised 30 January 2026
@ @ This is an Open Access article distributed under Accepted 02 February 2026
@ = the terms of the Creative Commons Attribution
Non-CommercialLicense(http://creativecommons *Corresponding Author: Sunyong Yoo
.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial P 9 ’ yong
use, distribution, and reproduction in any medium, provided the Tel:0 0000 OOOO

original work is properly cited.
E-mail: syyoo@jnu.ac.kr

Copyright (©) 2026 The Digital Contents Society 557 http://www.dcs.or.kr  pISSN: 1598-2009  elSSN: 2287-738X


https://crossmark.crossref.org/dialog/?doi=10.9728/dcs.2026.27.2.557&domain=http://journal.dcs.or.kr/&uri_scheme=http:&cm_version=v1.5

C|X|H 2el = &t5[=&X|(J. DCS) Vol. 27, No. 2, pp. 557-568, Feb. 2026

AzAlol o HE Fe] obg WA Agdos
sl Qe gusjete] @4 Balolth1]. BUT Bk
Zoge) BAAEEA S4o] W Aw wel e

2 g, A sAe] B fA 2 AA

£

qn o2 8
ox l'ﬂ Jlﬂ' nO

& Hhdato] oW ofFo] ofm M o] e Wl
AE(C50)5 BAAE ARl in silico® d|53he 7]%0]
Aol eH 1] ek 9 JHe] &ekAlel =5 7] 9F Al
E5 Zgl tiel AP ow ~aeds sk e ¢
o3t vjg-3} A|gto] AgEmR AF AAN 1y 7Hsd &
Fz AF 2% AE dob[2]-[4]. Genomics of

Drug Sensitivity in Cancer (GDSC)$} 22 th++5 do]E]
Hlo] 2= TRk oF ATl gk IC507 A} Ze k&
A|g3h, dolg] 7Rk oFF kg 01]% 2d s 9%k 1
FHxraE g &-8¥ 1 gri2]-[4].
z7] o W d5 Oﬂ?z—c T2 dE A A&
(fingerprint)®} AT {22 T8 23S gJH o= &)
v AEA 7t RY(AHEYAE, AXE ¥E w2l
el 7]%0}04 IC50& st A ARESISItH
[5],[6]. o]% Hede] Ef=wA, v 4 ER(MLP)
T *]ﬂ“]'(CNN) vol7} @) A7 7(Graph Neural
Network, GNN)= o]&3] =S B} Id|Z=2 F3staL
AEF A Agels WS xﬂoPHOu, 71 W
o] S5 A S Bt 7], [8]. 29 % B8t
3 @E wdlo] ok MEE 747t %QX—L‘ZE A= H
©<e3] 1388 9 4(concatenation)dte] AFEEHE RS F
&, oFE- *ﬂﬁi e &4 27 oA deS 53] 233}
ol A -rxq 719l vlﬂ%‘ et
A5

[€)
0% A el e Ans 2rel Bae Lok
@A} elet
39, Aol e Lopolx] WA A Qo 1

(pretrained language model)S SMILES(Simplified
Molecular Input Line Entry System) Fx}&ol 283+ 3}
8} o] 2el(chemical language model)e] 4o =2 1)
2 Wk glo| . oiat vk 4 dlo|E 2Ry g}k 73
x8E T Aol @ds] ATEa 9], [10]
ChemBERTa$} FAME A9 EHEL self-supervised
6‘]—-}—\——9— E H SMILES oﬂ 1 <3} ‘_34 o] 3;]_6_" _LHH Kol zsl—/\zﬂ-
H, g2 E" FA(IC50, 574 dF )l o] 53l
Eﬂ"]‘ﬂ 28549 dss A FEE F Ad5S Bt

]. 18} 7]¥ ChemBERTa 7]8F &F& b o5 A-9]
Do]')\t “SMILES — ChemBERTa — A|¥ ¥d¥} v
3t — IC50 217 F+=dl] W&, ko] A3 Ao
A=, 714 aid 43 &5 7] (annotation) 7 22 A3
A A A 2lS ke Aol FxshE Ao &8

51
A Fahe 5] 9 7Rk

O g nt of

=

http://dx.doi.org/10.9728/dcs.2026.27.2.557

AEF T8 SHAME, uAY FAx g HEE
MSigDB(Molecular Signatures Database) Hallmarke} 2+
& 716 gene seto = FopeA 55 Folal si4 7Fs A

Y T AFo] TS eulx FAdA Halso] gt
11,[12]. 29 % tre] oFF 9k oS 292 gene set
T A A2 ARSI, ok 3] AE S
5] mAsA] Zehth = 54 oF=o] od gene set(4l:
DNA repair, apoptosis, PISK/MTOR signaling)©] €4 =
Hol| 2 o|FEs=AE e Z7H(drug-conditioned) =
SFohe TEE dAoR FEeit) gk GDSCo 2o
okEof tfal TARGET_PATHWAYS} 22 7]d SF4do] ¥
oAH AR, oE U B/ TATE /\F‘lo}ﬂur 2hd 3]
FABRE 97F Wok, AR A A1E 1 E S5 WAl A st
Al wredsi= “pathway aware” oHe QlHE AAlE o713
AT A7} AT 2

2 Aol A= 0131 ﬂ 5}74];_ B&317] 938l ChemBERTa

]L = WP 3} 7]53 gene set 9] AE BH, 18]
717 ZgE 719tz S5s SEE SokAl vhE- A5 2|
?:1%35‘ Aeorsic), FAlHeR, (i) GDSC RNA-seqolA]
LINCS(Library of Integrated Network—-based Cellular
Signatures) L1000#}9] wx3to s A& 94970 fd#} &
&S MSigDB Hallmark gene set('2 GO 7|9} gene set &
HAE) $ee A= @4dx WE(pathway-level
representation)® Fekslo] AlXE AEE Fastar[11], (i)
SMILESZH-E 92 ChemBERTa °F& WgS o)L
gene set ¥ 7EXE 2= kR 274 gene set Alo]
B(drug-conditioned gene set gating) % drug-to—gene
set cross—attentions -G O 2N, oFE-ME-HE It
FA-g-& HAA o R REEgt) tEo] (i) GDSC7T Al
3= TARGET PATHWAY 41L& supervised
contrastive learning?| Zo]EZ &&3le], 5Y 7|H4S &
frohs eS| duld FtlA A= 7Al S22~ Y
E2 §530 24 pathway-aware °2He E S sks3lit)

[2]-[4].

of\ tlo = o

l‘

julsd

. 2 £

2-1 2= HIO|E 3 M2

1) GDSC Hlo[E{Ala} AR 2]

B A= Genomics of Drug Sensitivity in Cancer
(GDSO) dlolglm|o] 25 g-galo] ghdAl-AH| 2T 2ol o
g o8 RIZ(IC50)E 35 dl5aksith. GDSCE 9 7
o] ghotA|e} oF 1,000719] F Mzl et tiof oFE 2~
A3 AAE AFsp, 7 23 g8l vk ol A =
Z(IC50)E S7gsted oF= whge] A% An=Z AR



[31,[4]. IC50 %2 WL & W9E ther] S8 =1 ¥k
(logl0)& A-83te] Aarslslalon, o= o= a5 <A
Ao 2 vlusly] 91 TFA AAE Hxfolr}[2],[13].

AT 3 delE GDSCOlA Al-83H= RNA-seq 7|RF A
AH HlolEE ARSSILE ALt 283 AddS elsh,
AA F42F Z LINCS L1000 landmark A4 33w}e)
WS FHE F 949709 FHAE AHstIoH 4], [14].
H--AF W& zke- TPM(Transcripts Per Million) &9 2 A
Tk @E 7INke R Eiglen, X SHdstE Sl
log2(TPM+ 1) W2kS 57} 2835130t} o] g RNA-seq
719k A A " ABarst AR diate o AlEF A
54 4 AtellM e e ARgEo] geb15]-[17]. gt
RPKM(Reads Per Kilobase of transcript per Million
mapped reads)< A1E 1t Hlalol| A dykgo] "ol 4= 9l
oug TPM 7|9+ A tsks ARESFATH 18], 3=t 2Pt
+ Entrez Gene IDINCBICIA A&z f4AF A2 &
7o T, AS5Hte] EAEkE AES AATCR
A dlole F4& grsgitt 14].

oFE 1% A H+= canonical SMILES #7115 AFE-51ITH
GDSC HetdolE]f| A AlFsh= oFe AEAE 7|EoR
SMILESE w3 3}aL, RDKitE ©]-83 SMILES frads 4
FoATH 191, 3 EvFsabAv 7324 dEe] = At
= AR e, Hsalt) FH= ATH 49 78 F4 =
AvkS FEete] ARRSISITE HEAo® fradk SMILES,
AAA dlolE], IC50 #h& B5F 2t - AlXF 23S
Aol E3talSlT)

glo]g] &3k train/validation/test = 8:1:12] H]-&= T+

S 48318t} dlolE ‘r(data leakage)E WA

3l7] Q& Fde (AT, oFE) 23S shte] Rt &
SIES T1Eslell o, Mg} oFEe] Tt Al 23 7t
HEstA HEFERA BEF Al SKstratification) & 4835
Atk 729 A== skl S FREGA, o] % A
AoHe BE AL U #38 AL8ste] T3 var}

TP ses st

"
ok

- 7

il

2) 7153 F2Ax A& 7N AE 28

AEFE o dol| A A8 94978 FAF Hgke 71
A F74AF H3Hgene set) AFPI o2 g oksle] T&SIIT.
AH o=, MSigDBe] Hallmark Z =)Aol A $13Hhuman)ell
I3 gene sets AE3kaL, 7} gene setdl] Z3H -7
25 GDSC RNA-seq HloJE]e] §3x} 2@ 2K Entrez 1D
% gene symbole} miFSHITH 111, [12]. o] #gelA
GDSC &l dlojej e} miigto] A& gt 23 4
7F w9~ L& gene set A4 AL]EhH, S JHE
S zF= 4871¢] Hallmark gene set%he HZE2] 02 AL8-3]
=8

MAET oA gene set so] GAHE h, =

S

32

I Aol ¥

ol

3
0
o]
@
@
P
(0]
2
&
=}
=]
Rl
1l
=
19
>
o
o
00
o
oo
no
-
=
olo
2
Y

i,
i)
e
N
o
&

«o» gene set soll 3He

T AT et @ o) RS v Ao

7} gene seto] 8] BE AEFY ) BEIE V|FoR

z-score X3S F7F 483, &
A

9] Apolntom ko] MIH = A4S sFslgitt15]. o]
27| ol e rE TAY FAA I e S V)5

= ele] Ak A= dEE FYT
oJHA A W 8 A= s IS AL BRIk

F7F 41641 Hallmark ©]€]ell Gene Ontology(GO)
7|Wk gene set FEAEIE Aefsto], gene set 7 WAl
e e zkels Huskgiv20]. GO 7IRE A3
biological process termes 402 A} &5 533
5, AR A3 HES Ve o2 A termE R SFto] 3}
L3 TES S0l R SISt

o

-

3) TARGET_PATHWAYZE 0|83} 9& 7|4 2pay

GDSCi= 7+ oF2of sl 8. %4 Aladd 325 e}
U&= TARGET_PATHWAY 5418 A Alz-gtch[2]-[4].
B Ao A= GDSC (Release 8.4) drug annotation(FE
e}l E))ol| A A|5-%= TARGET_PATHWAY A#S 4
78k, DRUG_NAME-TARGET_PATHWAY uj33 go]&
< oFE el 7]H ] FRE Fosh] As 7 4l
32 &gsy] 98l F53I3lvh 94 GDSC et o] E ol
] TARGET_PATHWAY &H&o] ol oFEits 53
9, F7] 2po] i o7} FHE= (o PISK/mTOR
signaling, PISK/MTOR pathway)< % HES E3) &4
o] gl AEHoz eIt shhe] oo oy H=r)
FAE Agoli= GDSC7t AAlsR= 5 71 (primary
mechanism)& $XH o7 HElsla, 7)o REdAY
“other” ¢} #o] H]Eo]H o0& ®7|H oFE-S tiF 3lFolA
A sttty AA A3} TARGET_PATHWAY zh#lo] #-&
3y oFE2 F 3527M0) HE AR S e 22710]
t}. AAE TARGET_PATHWAY 20| tia] 13k 2=
Aeig Rojala, T ARE FHohs FEe U 4
G S 2= AN o] % S5 Aol o] ghils
supervised contrastive loss®] Sl HRZE  AR8s}o],
5 7)do] = oFEEo] MY I3l A= A 9
|3t fsldu21]. IC50 3]9] &4 BE oFE—4
L Zge] tis] AXelE,  contrastive  loss®
TARGET_PATHWAY zh#lo] gejgl oFEof tfsjrint 37}
= #8313l

N

Fel

http://www.dcs.or.kr



C|X|H 2el = &t5[=&X|(J. DCS) Vol. 27, No. 2, pp. 557-568, Feb. 2026

1) 2d e

2 o1qtoll A Aleksh= GS-ChemDRP B9 SMILES 7]
Wk oFE- Q151H, gene set 7|9 AlEF 15T, TE]al F Y
Hg-& A3tste] IC50S 3l7]ahs a8 was /3%
oH=-2 canonical SMILESE ChemBERTa A€ AFAsks:
g8} oo} melo] Hate] A Zo] ¥x} Wy z,e RV 2
¥&3la(Drug token)[9], MAZF+= GDSC RNA-seqOllA]
A3 9497 A} ¥3-S MSigDB Hallmark gene set
o vg3le] gene set T2 FAE HME ¢ = (ay, ag) &
QoFalt[11], o]gA d& Hallmark 7]¥F HE ¢+
= vﬂ@E%(MLP)—e‘ 3l XV]’% A WY Fke g T

G, EAl0] 7} gene set £ thFF Y¥IE n, RN E

Akt H = [hgl,...,th]ERKXd 2= gene set E2 AlE
g ?L*éi‘ﬂr.
ok AWld 2,3 gene set B H = gene set 7|8

(gene set gating)¥} multi-head cross-attention®.& ©]
Fol7l e Ag EolA At o] ES A3 5 gene
setE5S shfel ES AlFAE HFslal, oFE odWd 2,5
Ael(query) MEIE ARE-sto] 54 okEo] oW gene set -
AR =& AgRoz o 7l dLe=XE JeERE
o] 78} AClE 3ks Ttk o] #AHE Ed o= Z:
75 gene set &0 FAHH, HFTH o= oFF I
A 7] sl=ef Yl = o] IC50 45l AM-HT.

oFE QlIA AL z,& IC50 3H &4
TARGET_PATHWAY #lo]&S &83%  supervised
contrastive loss L, %= Aol shF@tH21]. sL3 714

& & ohs okeEe] dHE Ekteld M= 7P f1AIst

= )

3, UE 7AHE zke EETE B EE 353to 2y,
o= AS¥ o} pathway—awaredr H/‘q Vsl s 2
o RdE 43R} SIgith

ki

Drug (SMILES) |

| Cell (RNA-seq)

Drug encoder Cell encoder
(ChemBERTa + SupCon) (Gene set representation)
[

7
Interaction module | ,| Pathway-level
(Gating + Cross-attention) importance
l

J8 1. M eksk= GS-ChemDRP Z2 9|39 7ie
Fig. 1. Overview of the proposed GS-ChemDRP framework

http://dx.doi.org/10.9728/dcs.2026.27.2.557

2) o8 UMY =
oF= ﬁfﬂﬁ SMILES #=}g0]) uﬂd /\]-;‘<_ e ;@rf; odq

7z} oFE-9] canonical SMILESE RDKitE o] &3 E%@k‘f}
i, Oé(salt)# ﬁuﬁ BARE zﬂﬂa} T, FRHoR SFFA
(e}

AlFe] Transformer 7|9k o] Rdlof] gi=ato] 1174 7o)
A Y Y E FE53iT)

AbdsksE ChemBERTa REe] EdUolAE A&
SMILESE A E9]=(subword) B A|AA= ¥gsba, 7
Al A2 gkl [CLS] EE(HYE AAE dxse EDS
ZF7vslgith o] Transformer 1T Q] mpx|u} Zol| A
[CLS] EZd ajdshs 24 dHE ald oF=9] dvlde
2 AgeIlor, o] oHe WY z,(Drug token) 2= %
k=g

o] okg WY z,v AT IC50 34 F=et
supervised contrastive learning ZE=Z FAl] dgEn
okE Jrxof] YAE ek HEln) 7)1 A ARE S Hiedsit)
ChemBERTa®] A8y 7F63]15E £ A Rl 27|3ke
= ARgsiglem, GDSC 719k IC50 el5 Aol thal
end-to—end WAZA(fine-tuning)S F33FAh ol &
El Eﬂﬁ‘:’ Hlghd #2; dlo|ejell 4] sh5El Unk4 318 13
S FAIBHAA, A HkS oSl 53lE 3o R A-5A|

I =

3 AxF e =

MEF dFEE 2-19] 204 A3 7154 A}
zsL 7]\1]_ pj,/néllz_ B]]Eie o]aﬂi /\]——g—o}OﬂE]— 71— /‘ﬂ_‘]_*r"
9497} A LA {z, } = FFH AL, o] & Hallmark(%+=
GO Z#2=H) gene setoll "F3}] gene setd FAE ¢,
= Atk gene set kol £3E F44 TS 6 8 &

rm&

¢

w, A EZF=] gene set A EE TR} o] AHelslgint.

7k AEFE K9 gene setel digh FAE )
a = (a,may) EREZ FHHM, gene setd EXE zjo|&
B 918l AEF Al sl 2 AR o, F Ve E
z—score 3F= 48313tk

A4 AE FeE aofkshe oWl
e ¢ AAE PEoZ dhs &2
E.JQ“O}ME} o] MLPE= 9% AH9l K&
= AZ MY 29 . L
=74 51@, T3 5ol H]’dﬁé D4 st Bk 2%

g, o2l oixl MEE A AIE Y ce R 3o



715X XL & 7|8 Cross-AttentionZt X| = CH=E SH5 S 0| & &HetA| B3 o &

&t o] % of= AulF 3 A g mEo] YHow A (concatenatiom) @ #H [z,c]& A7t U HAAEE
LRt (MLP)el E2A17A §& E8 «F At o] 149 54
u AT oFE-AlE 23] ANkARl e S Qo
(@) Drug branch ) ((®) Cell branch i = ARg AleEn, o]F 3|7 g=e Qldow gad}
(@ Sl SHEES B AN, gene set FEAME] AVE JEH8-S LA
g osmaumamopojor @/ TR a17] 913, gene set AW AT Holl thal oF= x5
& o o & - fa 2 il .. ) . -
l Ea L S A P e (drug-conditioned) Alo]® =} Cross—attentlona -85+
ChemBERTa-based ‘
o} 7} gene set kol ti3l] oHe AT 2,9} gene set UH
| Hallmark gene set B T AT T, 2R AR S8l 224 AlolE gt
ssgregeton 5,8 AR, Amel = 95 B30 (0.1] 9912 itsl
949 - _
[ Supervised contrastive branch ] PlRgeties | Rgptmseh 3l gene set® FLEE FASIAC
1
Drug token - T
| T - sp = 0wy 240y ) +0,), 5,€(0,1) (@)
SupCon loss E ‘
(TARGET_PATHWAY) & ‘
A — oA FojH AOJE 5=
18 2. GS-ChemDRP2| &i= o130 7=
Fig. 2. Input encoder architecture of the GS-ChemDRP
framework Ty = Sphg (5)
A, gene set 5] AN BEE BES] 9fs) 243 o} o] Az gene set YHIF FaA, 54 oFEe] 54
&= WY o] 7 AT g0l thell MEe) AE Mk (EE aaf AZoA AA 0z o 25 3851 gene set - A2 =
X MLP)S A8ste A9 4,9 gene set UMT HE S dxehs s Pk E EHS Fol7] flEl, Fa A
h, LER"E ARG =, HHresidual) A2E A Fol 1y, = hgk-i-hgk HE2 A}
o &5 AEsiith
& okE olyd] =2 o E]
hy = 1,(a,), k=1..K 3) o] T A Zie Ao(query), AlolFE gene set
A H = (hypoeh, ) S 7)/5Hkey/value) 2 JEloh=

H
o714 £, 1-2%9] & MLPE o|| @t} WE gene set multi-head cross—attention S5 A8ste, o= wRelA
A7V gene set 20F M v& Atsigivt[22]. o] #E
o= 3G oF=o] o] AEFo|A o] gene set - A& FE&
T3 T2 AR E Qokehe R OR AT 4 vk

of ol H, = [,k JE R 2 o] K9] gene set
dHE AlE=E Aslem, ad 2(b)elM 7 EEES
[, |2 AL o] A|F2s= o] % FE-AE Foag o
Aol s FHOE 3 gene set  AlO|YIY

. Gene set tokens IC50 regression head (MLP)
cross—attention®] YO ARgEo], 54 oFzo] ofH D)) | o
gene set - A2 F& T2 ZE=AE SGlES Sl (It
1 I o KV
Hallmark 7|5} gene set¥} GO Z&2<¥ 7|4} gene set & (Mgl )1 — | 8| — “‘;’.
T AT 9l PEE SR on, F Ao A% AN -
= T = L -m X © .9
X]'o]t‘ QT/]’(HI%)OHJ‘% H]ﬂo}-gi\:]—_ | P € Cell-level
/ = g —$ — Drug response
/ 5 © (Ic50)
4) FE-AX A52L BE Drug token; |3 2 3
H 1] o
B _ = i ] =
FE-AE AEAE HES 2-29] 2)9} ) D& o —lgz[—|©°
A 2,9 gene set AW AR HE AFste], 54 a5
o
oFo] EA AEFoIA od AR %S B LA -
it} I Qo) uat \_. SupCon loss

BAYE HF 10502 oZahs ou
Ao} AT QoY ¢ AN 317 A= A

WA eFE-AE 7 2 4EHeS oFE
WALz, AE A PlY 2 BE A

— =7 = (TARGET_PATHWAY)

] .uzsPﬂOﬂ

38 3. Gene set gatingZt cross—attention2 0|28t 22— =
MNSEZ EHE

Fig. 3. Drug-cell interaction module based on gene set gating
and cross-attention

561 http://www.dcs.or.kr



C|X|H 2el = &t5[=&X|(J. DCS) Vol. 27, No. 2, pp. 557-568, Feb. 2026

HETHo R = WY Ef?ﬂ u, gene set 7]‘%’} x4 v, 17

2,5 4 z,] He &
, olE 1?] 01]1:01] OQ@.OP@ IC50 #=
-2%9] e AEge s 74
e 27221050 A5t sht y = A3k

=

O

¥
3%
o
M for
kY
&,
iy
rlr
—

5) 8% % &4 ¥4

Rl k5o A= IC50 3] =22 TARGET_PATHWAY
7149k supervised contrastive loss, Z12]al gene set A9]
ol gk 1A 3= 3 *F%o}"ﬂt}

_0,_}\

= E”‘Ol =% ghe g2t T‘ﬂ 7]li 314 tJ‘E‘E At

1

A5 2 xHMean Squared Error, MSE) 2 % 2]3}it}.

N
Ly Z@I vi) (6)

Bl Ael= FEETAFLAHRMSE) & ARg3ste] oS
At 715 #ATerglar, HIAE gl A& dSat 2354k
7ol Hoj A (Pearson correlation coefficient,
PCCO)E F7I& A1&36}10] IC50 oA - Wk B A= 3y}
3t

oFs 9Hld z,7F TARGET_PATHWAY HHEE 73}
e %’4611 GDSCellA g9]gt TARGET_PATHWAY
go]E-S &83l supervised contrastive learnings #-&
a3l MHHxl el Al 59 TARGET_PATHWAYES &
ol o dvd 2,58 P (positive) 4, tF2 ﬁioﬂ
(negatwe) Hog 1k 3} , oF=

7Moo 2 Fh= tiF S-S
o AaHow, o] —CME‘ L, &L 713e 2 ok o
G2 AR 7P, B2 V1S 2 e dulES oA %
= g TS AFdshs 98 b, FAIAR] A
supervised contrastive learning®l| A A%+ X5 FE
£ wEth. TARGET_PATHWAYZ} Aels#] ekkAL
“other” &1t 3719 ka2 dix &4 Atoll A 93t &
7 AR = 53T

gene set Alo|® ZE
SHA AEE =
S+ 719] gene setT v A o2 &3S
= 93Ksmoothness) TAIE F7F6IAtE A4 A=
gene set Al°|E gk s, tigh L1 =523 FHAskshe &

o s, 259 gene setWt 7}
5 3= 3AA(sparsity) TTAIeL, SEH R
2] s 5)

L,= Z Isl (7)

k—l

http://dx.doi.org/10.9728/dcs.2026.27.2.557

= AolsglaL, 9 A L 5
Algh gene set 1+ AlO|E %kol = EF5LEHA &
= AolE Rxel WEAS ofalals Fejw 4ol

2 2

A NAE TR TS T HAUE AL
= shaalqn.
I’tatal Lreg + a[’ + BLc(m + VLcm ( )

A7 a.B.7E AT NE A5s 71522 AAT slo]v
stghn|golr, 39 AS(RMSE, PCC)3} Alo]EQ] 84 7}
(&) 9n] 9= gene set¥t AEEE=X])S A a1y
sl Aty H¥As=  Adam(Adaptive  Moment
Estimation) Al¥ FE|ulolAE AFESIR AL, S5} HlA]

7] T WA st uletu|E e (17 AlFolA 7]&s A
ol whal 733t

B ATE FE-AET 2l digh IC50S A&t

she RS RuR ) 5 A EE AR 29l o
Aup} 7P7EEA(QAF TFR), “1E]al IC50
o] AhA A7) - £AE drht 2 BESFEACGE 3
B A AHMSE) 8} FEH AT A}
(RMSE), 1g]a Fol& AaAG(Pearson correlation
coefficient, PCC)E AF&-3}3th

1) MSE / RMSE
)\HE ]oﬂ EHgH

AA) H2E B 3

ZIC508 g, Y AZS7S g2k Fa,
A% D, 8 8 o FEAF2AHMSE)

Tl
L
L

1 ~
MSE= —— Y (y;—y;)* C)

|Dtes[| i€ D,y

o]3l9lt}, RER AT _._x}(RMSE)L RMSE = /MSE
o o] A&FE oS LA} S ofn|gitt

2) 9o AL (PCC)
Zgkat A=gre] AF AWAS Hrlel] YE, HAE
H3tlA Folz daATrE

Y (o )y~ )
=

PCC = - (10)

Z (yAZ‘_yA)Z 2 (yl‘_?)z

i€ Dy i€ Dy




o} o] ABITE 1714 g9} yi= 242} Skt A
o] o), PCC gtol 1 75, Fe-AxXg 235
ZEIC509] =]l Aok Me Waks o 2 BENS ©
Bl ciee

3 dlole & 4 A@A4

RE AR 2-140A 718 313t FUsHA, GDSC dlo]
EJAlS train/validation/test = 8:1:1 W] &2 F-28] E85}o]
Tk vloly w5 WA ] A8l sdeF (AEF <
) z3-e ghle] Baloul &El s 723 2ake 24869
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AgE ®Elo] 435S B7kstr] flal, GDSC Hlo]E AlofA]
T3 train/validation/test = 8:1:1 ®#3H2-14 ZI2)&
qy(\)]— _xgr_cﬂoﬂ FEOZ ?H_Q_—G—}.O:h:]_ Jﬂ7]»1_: IC50«]
39 A BdS aeste] FEHTAF 2 Hroot mean
squared error, RMSE)®} ol A#A|4(Pearson
correlation coefficient, PCC)E A &2 AR5t

BE v

E 1. GDSC Hlo[E{Alol|Ae] ek= BHS o & M5 bl
Table 1. Comparison of drug response prediction
performance on the GDSC dataset

Category Model RMSE PCC
Ridge 1.2828 0.8840
RF 1.7768 0.7625
Traditional ML
XGBoost 1.2404 0.8923
MLP 1.2157 0.8972
Deep models CSG2A 1.0608 | 0.9213
(existing)
ChemBERTatMLP | 4 ya57 | 09112
(Baseline)
GS-ChemDRP
Proposed + Gating 1.0812 0.9201
GS-ChemDRP
(Full, Gating+SCL) 1.0682 0.9220

% 12 Fdg dojy ReA HEA0 39 B

(Ridgeregression, Random Forest, XGBoost, & «ﬂ"é}
EZ) d#d 7Rk Wlx|ula ZA(CSG2A), 18]aL AR &
A(GS-ChemDRP)2] IC50 <& XS vladk 235 QoF
it} dEZel RdE Fo|A= MLP7F RMSE 1.2157,

PCC 0.8972% 7P 953t AeS B9 or, XGBoost =
sk RMSE 1.2404, PCC 0. 89239_i A g5k Avs
vepdth wbd WY ¥ 2EE RMSE 1.7768, PCC
0.7625% th2 Rlel] Hls] eap} a1 JuAs7) v,
A9 A% B el DAt sk g A}
TeA)E kS Bl

Mg A mEQl CSGRAYE 593 3l RMSE
1.0698, PCC 0.9213& 7153}o] 43¢t 7|4 (baseline) &
Algapde 23],

olof] H]8l], ChemBERTa k= 1|43} gene set 7|4} Al
X ¥de A3t Aot 22 ChemBERTa+ MLP(baseline)
= RMSE 1.1327, PCC 0.9112E 7|53}, AE49 &
37 2 (Ridge, RF, XGBoost, MLP)& 43|5h= A5S
w3tk 53], MLPS} Hlagls w) RMSE= °F 6.8% #4:
(1.2157—1.1327), PCC= <F 0.014p S7KH0.8972—
0.9112)3}e], v Faxk ¥E 19 tial 754 Fdxk 3
3 18y} Qzﬂ- 0401 Huls A= ALo] oFE HkS o=

off frejugh o] 55 Al dhe geled = ST

kg F74- gene set gating®} supervised contrastive
=938 GS-ChemDRP(Full, Gating+SCL
(supervised contrastive learning))+= RMSE 1.0682,
PCC 0.92202.2, CSG2A%} FAS 429 A58 A3t
At} =, Aot T YT AEH ) F A el gu] A
e AT NS Bol= TAldl|, g g 714} vl
7Ved dF Aes FAtAA AR FE A s T
24 02 Bgaths ol A oo} 9)

R o]

learning<

E 2. GS-ChemDRP T+& 24 ablation A& Z1HGDSC
El[g=F0)
Table 2. Ablation study of GS-ChemDRP components on the

GDSC dataset
Model RMSE PCC
ChemBERTa+MLP(Baseline) 1.1327 0.9112
GS~ChemDRP + 1.1090 0.9148
Contrastive
GS-ChemDRP + Gating 1.0812 0.9201
GS—-ChemDRP

(Full, Gating+SCL) 1.0682 0.9220

3-2 GS-ChemDRP 714 249 ablation 24

A QAo 2 4 e avt Aol PAE G
gelsly] ¢J8l, $UE ChemBERTa 2FE 215U9} gene
FASE A &4 g4 2 gating 7R

ChemBERTa-FMLP(Baselme)l:— Hallmark/GO ~ 7|%F
gene set 2L HMEE MLPE W33 A Wy} oF=
Adge e AFsled IC50& Ik TEolth
GS-ChemDRP  + 20

Contrastives= baseline
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TARGET PATHWAY do]&S &83 supervised
contrastive loss& F71st, 54 714& It o= ¢
o] & F7kA A2 7PHA el s f-25 My
olt}. GS-ChemDRP + Gating< contrastive loss $19],
gene set' 27} AO|EE d55ale] oFE X275 gene
set A7} (drug-conditioned gating)S 4-35} == 3 W
o}, wx|eto 2 GS-ChemDRP(Full, Gating+SCL)&
gene set gating¥} supervised contrastive loss& B+ 2
ek b gk mdojt,

¥ 204 ®50] baseline®l contrastive loss% F7}3t
GS-ChemDRP + Contrastivex™ RMSE 1.1090, PCC
0.9148= baseline WH] &%9] % S Ho) vhd,
gene set gating@h F7F8t GS-ChemDRP + Gating-=
RMSE 1.0812, PCC 0.9201%, baseline3} H|uls}e] @ =}
£ 9 A #ol3 FEATE FoeHAl Jidseith ole
gene set 7|V Al & AR ofg}, B of=o] ojwgh
gene setAE F& ©l T8 AHESEAE SESte
gating HIAYE] IC50 oS0l A54Q1 7 E svk= A
< ATt

T e4AE  BF A GS-ChemDRP(Full,
Gating+ SCL)+= RMSE 1.0682, PCC 0.9220%, 7§18 84
2 =% My Enng dAHA 9 U2 des B3tk S,
(1) TARGET_PATHWAY BHE o]-&3l °F= JudE 7]
A ol AEA|7)= contrastive 53, (2) oFE £
I gene set gatingS B3k Al %39 ArEo] As B
Ao 7 2gste] HF IC50 dlF 458 7Ae Ao a4

= I~
sk = 9tk

3-3 Gene set 7|4t 2= i TtsH HIt

2 Ao M= Aokl GS-ChemDRP R4lo] &53l gene
set T ¥o| A oF= A8 714S Arht vhedsh=A] 9
7V} o]& 98l (i) drug-conditioned gene set gating
ZEo] 8k53 gene set 7R BEE A5, (i) HF
o5 Al A AFE-E]= drug-gene set cross—attention 7}
FAE FEI] AR FAE PHE 744 EIT

A, GS-ChemDRP + Gating % GS-ChemDRP(Full,
Gating+ SCL) X.&ol|A] HA| eHe—gene set 3ol izl 4
¥ gate #t LXEE AT o] R $ gate 749
Hel = 9F 0.0-0.9991, H+t 0.30, ETHAF 0.242 eV
t}. o]= ®do] 487) Hallmark gene set B0l & 4
& 7sAE Felake 3] okl 4 gene setoll= 09
TR g, ARl 1o 7k 7S Fojshe] AEA A
7hs S ghEetal e ofrlgith

S92 gene set gating S ZHE] 9 FE-—gene set
8% gHo) d3] k= 7K 719 A= IHE 7)) 4t
< AL gene set® oHE F 2% ¥4 9F 0.0044,

°FEH gene set o 8% ¥4 ¢F 0.0052% H|awd W gt

o
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o2 Yeiyth o= M okEnith He v AR H e
AdeisilRds, 9% &% Hallmark  ZB=(d:
HEDGEHOG_SIGNALING, NOTCH_SIGNALING,
ESTROGEN_RESPONSE_EARLY,
WNT_BETA_CATENIN_SIGNALING 5)°ll Anksoz =
2 7V A E Folghe AEe] s ovwlgtH11],[12].
Al W], gene set gatingThs 7] 0% B Rdlo] KA
oz o 9= MElS gkar 9) o}, 78| drug-specific
gl pathway signature® A= F7A= Algho] A
= g3t
i, & A9 HF oS dAlCIA = gene set gating >
A7FsE gene set YHES key/valueZ 711, &2 ¢
195 query® 3= cross-attentiong %-&-3lo] A3 &
S F71E B webA drug-specific pathway 52
L& B AR o R Prtstr] fld, Ssol ¢sE Full 2
ol A cross—attention 259 set_attn 715X E FE351]
oFHe—gene set 8% PHES FAGITE 2 ok=ol dis|
H2E AlofA] djd oFEo] 23 BE ME9] set_attn 7}
FAE Hirsle] =9 pathway 5 R EE 2HEsha, A9
107}l Hallmark gene set& =Z38}3ic) 28 7] o] v]a
Wl 10F Ui k=S o= £3 7vke s 4k
Q8 #& 7)H3 cross—attention EE©| =3 A 1071
Hallmark pathway 7+8] €] o5& H7}5k A3} Top-10
715 50%(5/10)9] hit rateE 71 =313 th

3 32 7} ok dER V1A, ddEE 4 AR, dA o
2 goksit) o & 9] EGFR(Epidermal Growth Factor
Receptor &AA|  Erlotinib, Gefitinib, Lapatinib™
KRAS_SIGNALING_UP %¥:+= EMT¥ 72 Hallmark 4%
7} 481 ol TEE R, vg 71volAl AA Sunitinib
2 KRAS_SIGNALING_UPE %2 9= o533t} wgt
Z 2ol AAA Bortezomib< UPRE ¥ 10%1 el
23sto] dell T8 713 gee A3vE Bl

18] 4= EGFR 9 AA Erlotinib9] A 107 pathway
attention weightS AA|3ICE EMTo] 2592 dSE AL
™, o]i= Erlotinibe] EMT A2%E %d 2-g3h= £ 1
39} A3 7P =L attention weightE Hol A2E
COMPLEMENT$ 2™ E2F(E2F transcription factors)
targets7} 392 YERth ©]& cross—attention EE©]
k=9 2 28 HZE pathway-levelolA] EZzkg 4= 9l
o5 AAKETE

T2y cross—attention =40l A % A7} ElE Tt

Zlo

= [

l \_]_
AP 2RO ATE AR27F A9 £9d iR T
b= Aol UL gene set gating 7INF S Q=9
cross—attention 7|8k ZQ % Afo]e] Akvto] WA Vel
EEo] AR v BHA HEE E83la UAS5S HoFE
t}. o]&= F EEo| U4 biologically plausibled+ A= 3
2slo| = E15}bal, U] 5813k drug-specific A& #7]

M



$AE Beh Augk pathway 242 Altshe 717 o]
L ada &4 7R 2 2 AAY 37 Fdol dest
S AR,

E 3. E AZ M2 1070 o 22 2 YBE 7|™ bW

Table 3. Comparison of top-10 predicted pathways and known
mechanisms for representative drugs

Xt &8t 7|8t Cross-AttentionZ} X| = CH = &H52 0| &6 ghetA| gh

Drug Known Pathways | Top Predicted (Hit) | Hit Rate

KRAS_UP(KRAS
signaling up), EMT
(epithelial—
mesenchymal
transition),
HYPOXIA(hypoxia)

KRAS_UP,
HYPOXIA

KRAS_UP,
IFN_GAMMA
(interferon—gamma
response)

ANGIO
(angiogenesis),
KRAS_UP,
HYPOXIA

ANGIO,
APOPTOSIS(apopt - 0/2
osis)

G2M(G2/M
checkpoint),
SPINDLE(mitotic - 0/3
spindle),
APOPTOSIS

G2M, SPINDLE - 0/2

MTORC1(mTOR
complex 1
signaling), - 0/2

GLYCOLYSIS
(glycolysis)
MTORCT, _

AZDBOSS GLYCOLYSIS 0/2
UPR(unfolded

protein response),
APOPTOSIS

Erlotinib EMT (rank 2) 1/3

Gefitinib KRAS_UP (rank 6) 1/2

Lapatinib KRAS_UP (rank 5) 1/2

Sunitinib KRAS_UP (rank 1) 1/3

Sorafenib

Paclitaxel

Docetaxel

Rapamycin

Bortezomib UPR (rank 6) 1/2

Erlotinib (n=1 test samples)

Complement 0.0299
EMT

E2F targets

IFN-a response

MYC targets V2
Coagulation

DNA repair
Hedgehog signaling

Wnt/B-catenin

Inflammatory response BN Known pathway

W Other pathway

0.000 0.005 0010 0015 0.020 0.025 0.030 0035
Attention Weight

T8 4. Erlotinibe| pathway—-level attention weights
Fig. 4. Pathway-level attention weights for Erlotinib
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gatingS F3l YAl FA HHE oFE 2ol wheo] 24
3}al, (i) drug-gene set cross-—attentiong Ea) 7]%%
AR oA dA ] 71 LS guso i, V)
& “black-box” IC50 &5 24 tiv] A2 4 X 7}
A FERA R Felet A o= ol

ok A mAle gk Al o MAR(IC50)0E BEA

o A5k de guelste] 84l salol Ak kel 5

S V=912, AAA S4o] B3
o= 93] 9o} o3| ojel FAIR o} glrk. 3 Al
= GDSC dlolEAE 7uko 2 ChemBERTa b2 4]
F} 7154 44 H3Hgene set) 7INF AE XHS AT
3t GS-ChemDRP ZH U AE A¢kstar, 1C50 3] A
xe] o At M ThsAds A Bkt
[2]-[4].

HAE#9l 3]9 E¥(Ridge, Random Forest, XGBoost,
MLP)#} BlaglS w, GS-ChemDRPE &3t dlolg] &3t
oA de=Al o w2 RMSE®} B 2 PCCE 75331
E£3] gene set 7|RF A3 £33 ¥ ChemBERTa &Fe HY
Y-S AH8-3F baseline BERke 2% MLP tjv] RMSEE oF
6~7% 241713 PCCE 25 A7 2aE 2183
t}. ®E3 gene set gating¥ supervised contrastive
learning2 A%3F % GS-ChemDRP(Full, Gating+ SCL)
= FH2 Held 7Rk oFE vkS- oS EE(CSG2A) Y Akt
T2 RMSE-PCCE 24dsto], A9 Q= o= 455
A5k gelskint.

T4 249 ablation 48 F3l, At T T A
A Adge] A wAE L gRlsklch
TARGET_PATHWAY dlo|&& ©|83 supervised
contrastive lossv °oFE dHES 7|7E=2 GHAA
baseline tiH] Ad5& A%

A AEE oF= %#83} (2) drug-conditioned gene set A
7hgo] A& Bt o R g3 IC50 d&5Es Fol &t
A4S Sz gl

A 7 SHolA, B A= gene set gating
drug—gene set cross—attention #41S Z3)] A|¢t Bdlo]
S5t AR T ASE AR A oE sl gate
FhEE A Ay 2 AR gene setS A8 oR px/

A= A7 HElS sk5allaL, cross—attention 7]HE
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