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Abstract

Drug combination has gained wide attention in personalized cancer treatment due to its low tox-
icity and minimal adverse effects. However, the exponential growth of possible drug combinations
makes it time-consuming and labor-intensive to screen for synergistic drug combinations in vitro.
Computational approaches have been gradually introduced to predict drug synergy, aiming to im-
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prove efficiency. However, these methods have not fully exploited the complex relationship be-
tween drugs and cell lines. Therefore, this study proposes a graph neural network-based anti-
cancer drug synergy prediction method called GNNSynergy. GNNSynergy utilizes Loewe scores to
construct interaction hypergraphs between drug combinations and cell lines, as well as interac-
tion graphs between individual drugs and cell lines, where drugs and cell lines are treated as enti-
ties in the graphs. Subsequently, we employ a hypergraph neural network and a graph convolu-
tional neural network to learn node features in the two types of graphs, respectively. Finally, drug
synergy scores from the two networks are calculated and fused using a multi-layer perceptron and
linear correlation coefficient. The GNNSynergy model outperforms existing advanced models in
baseline experiments and exhibits strong generalization ability in experiments involving new
drugs and cell lines.
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Figure 1. GNNSynargy flowchart
1. GNNSynergy itz

DOI: 10.12677/0rf.2024.143240 15 1B 512


https://doi.org/10.12677/orf.2024.143240

[Zh e

B AT — (i AL

1
0 HAth 0
et Loewe,, FoR 259 k 5254 i Rl 5 SAIME R j 19 Loewe WMRIVESr o 77 p,, = 1 WIZIRIZ L5425 %F
SR EE, & p, =0 RZo

25y T 5 th 259010 SMILES 7R, M PubChem #i# 83575 .

TR 2 1K PRI IA AR COSMIC udla S rh 9 2 it 55 101 H #ode i, H A %5785 COSMIC Jg ik
[R5 AH S 651 /N K 080 (https://cancer.sanger.ac.uk/census). 4 H X4l i 3% K R 1A AR B 5 AR
BT log2 ¥t H 1T z-score IH—1ko

PAF EIRFEARSS, FATEBRBA HE R AL K 40 R A SMILES FFAERI 254551 - M O’Neil 41
PRGN 38 FPZGWAN 39 /N N9 4 i J R 3R H 18,950 /N IR FE A KT Loewe W IFIMEH VF4r, L B A
W EVERBIFEARSE 1694 4, EAHWEIERPINEAR 17,256 1.

2.2, {ERY

FEARTE T, AT E G =i 2R MIZHEE, RRAE A ST AN o B A AR 2 g DL
L Re 5, BAVEAIRRKIERREHE, Y07 T S5 RHEMZ W R EE Loewe PFME N
BN, Ik 25 ) 5 20 AR 0 R4 PR PR R 24 45 A N AR AR ELA T P T R e o 2 o 24 A o
LW oy T AR ELA R Y k2 50, R ENZG ) 5 A AR VR SR AL o i Rl 5 A e ) 0 2 50 R Rt
1T 25 R T

2.2.1. PEHE

AT TELAZG IR 7 TRFAE, 20 3R (5 PRRGA AL LA R 250 KT B F) Loewe PP M o

XTI VAT R R X, » BATEESRPURA 2591 SMILES 74585, Al DeepChem %4
JEf¥) ConvMolFeaturizer 7715, W ZiMEEH i 7- G = (X, A) ER, Hrh X e R A ZMFTE R
THRFEHERE, A e R™ NAEINE, 37 4, =1 WFRRER i 55 j DR TAAANER, 7 4, =0 2.
Ko n ZoR AT IO d =75 FoR BN T IORAEAERZ . AT I B A28 W 2 065 258 7 1 B AT
I R BRI I RIIARAE X, WARQPIR, &l k BEMEMNZ L 55 d A2V RIERRE N
H,eR"™" .

1 Loewe, 230
pkj =

HE = o-(,:ldH;‘"de) )

Heh, wh N k J2 GON W3 ST EMRE: 4, =D 2 (4+1)D 2 VA—KARARE, D NEEHRE, 1
NEAIEERE: H) NS k-1ZM5H, Mk =10, H) RV FIRAVIEFIERFE; o 4 ReLU
BaE . T2 T BAAFRER TG I DRI G Ja — 2 10 22 0 2% 10 it 2 2 =) e KAt
JZ, AR EEA 25 B A M R RO RFAEYEE - i, K5 BT 25 W RO RFAIE Bt A3 R4S B BT 25 WD IO WTAR RFAIE X,

X200 3R 0O VIR A X, BT 0 2 SR 3R 10 e J e 38 LR 109
i, 23 kR AERIR I IR IOAERT RN £, € RE . SErRRHEHERE S5 3 25 WO H (o B 4P
(RHF B

fh=a(fmr) (3)

Ho, WrFORE k B0 BRI, O k-1 R TR, k=18, O RRAR

DOI: 10.12677/0rf.2024.143240 16 1B 512


https://doi.org/10.12677/orf.2024.143240
https://cancer.sanger.ac.uk/census

(7

ML RIEEE; o M tanh BE R 5290 ERAIAL, KA 40 M 2 e AR B, BRI 4T i R KA
UGERT D, G

25 Wy ) R S RAT T 2P P e B A e 25 W [ L G, = (VL EL W) o V = DU C RoR 2]
UL R PN E A LR AR (D SRR AMA RIS, CRRAMAAMNES); Ee DxDxCHER
HIAHRINES, B NEOH - N REMEIERNZEY - 2589 - AR R = cd Al 5m: N8l
HAE & HMRE, FrA R T AR W e |E|x|E| o #E G, Wl PR XEMER Y e R, 3
Y, =1, WERTHvel Wilideec EKEL #HY, =0, RZ. BE G, W& S EA DRI

ﬁﬁ%,%ﬁ%ﬁﬁ&%%ﬁﬁﬁﬁX{ﬁqeﬂw,ﬂ¢xﬁm&ﬁ%ﬁ%?%ﬁ%@%%%%%

AESENE, F 3R R

[FIBF L BRI 259 Loewe bR R FH VT4 O 250 5 40 2 ML L AE R G, = (V. E) . V = DUC %
TRERIL R P A LRI 8 B R S R AT AR i, X T G, i illec E &
TFU A, S F ¢, EATR IR, Bt — M5 d fl e, =754l d, ~d, —c,. 1643 Loewe HhIEIT4
KTFBIE 30, MFRZHd, SHIFR ¢, BT AER . MR E G, 1 AR Ac R 5, %
A, = VFREE | SR j GAEMTLIER, 3 4, =0 R2. G, ¥ AR I R G, (0]

SR AL R X = [Xj < RV
le

2.2.2. 3]

ST HEE G, =(V,E W), TA LR N 2% 22 5] 45 S AV FEARE, HGNN 25 T8 B it 571,
AEXS TAR G B2 N 4%, HGNN AE 547 (A4 AN 2 > 8 B S5 R I B N 45 o FRATME FH 2 2R(4) 45 21k It
WX 2% (1) 56 Kk J2 5T -

7' =o (0" YWB Y 217 ) 4)

LE]|

V|
Hof, 0eR™ (0, =S WY )N EIERRE: BeRFE (B, =3V, NI, ¢ &5 1

ET IR, 2! 9% )2 HGNN (%, =0, Z°=X . &g 12 HGNN (s R4 hit
AR 1 EHE 1Y) L-hop ABJEMIME S,  ANTFT BE HEE B9 s RRAE, SRR R SR I M A & 5 A i 2R 2 T
MR . & Z =7 Font)a—)2 HGNN g, JUIE AR 0 A AT nT UG 20254073 £ d R4 ff R
WAEHE, 2N Z, =[d R Z, =[c,].

XS Gy = (V. E), BAVEA EIERS LM 4R B2 5 90 R 2 M R Rasdn dh ek, inARG), 2
k 2B Mg oy HE

1 1 1
H* :a(D 242D ZH’“W"] (5)

Ht, o Relu BuF s HY NS k ZEEFHAMSHHIT, Sk=0W, BH =X; A=A+1; D
AR AERE: W R GON 5 k RIS RE A . 4 H = H* Fonfit)a— 2 GON [,
IR R R R AT AT LA B 250715 5 d RO R T SRHE, AN H, = [d:] BV H, =[c,:] . l3id GCN
B, FATRT ARG IR 2595 40 i R A FLOGER,  RAS T AT IR FEAFAE

BT 2R B W25 (12 S, BATAM BRI A & SAR R Z AIMECR, IEREfisRmA 2
WIS AN R 2 (R OCHE, WG A3 BATT AR 2 i B8 47 O R AN [ S pk 2 IR R AR b 44, 3 i L ) A
PEFRE FE

DOI: 10.12677/0rf.2024.143240 17 1B 512


https://doi.org/10.12677/orf.2024.143240

[Zh e

2.2.3. Tl
2503 [ TS0 ) E A A TN 45 5 2590 - 2590 - IR R = e &1 Loewe BhIFIEH VP48 %),
TAFREE, FAIE T R FZEEL BRI 25 A A [ d, d, [ SHER o, HMAIPEST .
X TR R M B B R R, BAVEH AR (O)RBAMAE[d, . d, | SHIEFR o, PRI

~H
P ¢

ﬁkij =MLP(de ||Zd,- ”ch ) (6)

ot MLP je— A Z RN ABHEARIE: 2, 15 2, SX BN i SANMLER 7 O B 22 0 4t A o
iR [FINS, T AT NSRS, FrbARRATR A 2 2(7) B 28 S 1E ki AR () 451 25 R 2

ZH = _L Z (p/q'/' 10g ﬁkij +(1_pkij )log(l_ﬁ/q‘/ )) (7)

|ﬂwmgm

Ko, RIS, p, BRIEH AR,

DI P BRI GON ISR ELE L o T AL P PRI 1 2 200 5 080 8 2 1 0 A
WS, BRI T2 4 d,, d, ] SR ¢, LR R EOR BG4 LA 3
AT 24 SR8 YK 284 RS 24 e 5 S 28 AR D PR 4

By, =MLP(h, 1, ®)
RIFBANEL A RO HLGWAE[d,.d, | SEIEF c, FIHIDEREL:

Com{dye)- (%—%ﬂ%fmJ o

ki>™j T T
\/(hcj _,Uj)(h(,-l. _luj) (hdki _/uki)(hdk,- _ﬂki)
Sl IR RSB I, b, NG [d,d, | IRE, 0,80, S0, A,
YA N T RS SA R A PR, ATSINEZS y « A0 AAHE SRR
ML PERIERERE M, 30b by, RS 5[d,.d, JATER © HOBURE

M,; = yCorr(d,.c,) (10)
BB R s B, FRATR A A 2N (11) ZAE A SRR 9t 2k i 3
1 . .
(R——FL%Z%g@%kgM@+O—mﬁbgO—MW» (11)

T, N T FE A B STk, AR PR 2590 5 40 B R AR IE A Ayt BT 5515 B R IE ) 2%,
B E B o 456 A7) 5 AR )X B R A RA2) B TR -
t=at,+(1-a)t, (12)
3. SEIf
3.1. H%
AT BATE RS, AT RN 5 250 f o3k i 2V i [R5 R TRIARE Y 347 6 L .

Li 55 N[23 38 H T —Fh ARFAE G s B HURFAE I W9 28 A6 4% 75325, 6 FZ 7 iR I ZRBE AT AR AR Sk Tt
MR -

DOI: 10.12677/0rf.2024.143240 18 1B 512


https://doi.org/10.12677/orf.2024.143240

(7

ComboFM [24]#E 7Y 25 & 71 5 SOSHCE - 250040 S Re AR AN 20 B 58 05k DR A B kA7 e, IR A
BRL 1~ 73 BRI 2 = B N KR B8 E SRR AE DA TN 25 9 B 1R 4

DTF (25| BEAYI id 5K 5 5 fiff 1) 7790 N2 0 0 () o P 2 BBOI FE R A, ITEF B DNIN B Y 147 2457 Bp )
5 FH R 700 o

DeepSynergy 5 3 1| % FH Fif i3t 4 28 4 265 Sk 0 265 2 03[R 9 2

HypergraphSynergy BB K i | 2524 & W [FIAE LR IE, R0 22 2 AL Zek B A 2 i 4% DLy =)
73 BIRFAE S P 2590 9 R A FH

3.2. LI

3.2.1. AfERZXIGHFSEI

N T RIS R AP FI AR PE, FRATRIBEARLEEAT T 2L, FHRA T AR XIE T .
TATE S MBS P BEHLIERE 90% FIREANE NS ISR, TR IMIFEARVE ML IS . 758 X8 iE
1, ALK T TG AR J7, FAEARRENL 2 BT O, DA IR A AE S0 R O R o 254
0 [F4E FH 77 18 ) e

WA 1 AU, AT AR B fR b EOLT HARA AR . X458 T A TR e R U245 )
HESHM R AP RER, IERHIRENAM SN R MPIECR. BN, FRATMBERET 2 2Bl
LR AH O RECK AT 2590 [ 00, R B FRATAE A B R Rz A PR R 1) Stk . it 5 Li 4%
A ComboFM 1 DTF A H0F b, FATTAT LA R FE 5 S BB AE 25 ) e [ FH AT 2% | BT R 1)
P TATHIBERIAIXS T DeepSynergy FRZH (EIAIE 35 32 BEAE T #2825 455 74 R 4% o Iy st B U 2454 5 40 i
RZEBER. FFE, BHTRATMBERAERI 7 AMHE SAMARZARER, SRR T RN E
Y1 FR 2 18] ) ST, DR AR X T [ A FH PR 0 42 I 2 1) HypergraphSynergy 584, A THIBAY A B A L

Table 1. Results of five-fold cross experiment

* 1. AERNIRER

Y AUC AUPR ACC F1_score
Li frfR 0.8750 0.5141 0.5181 0.9110
ComboFM 0.8945 0.5362 0.4655 0.9254
DTF 0.9138 0.5829 0.5828 0.9253
DeepSynergy 0.9060 0.5638 0.5445 0.9165
HypergraphSynergy 0.9230 0.6328 0.6025 0.9254
ours 0.9258 0.6515 0.6348 0.9261

3.2.2. FiBHTR

T A AR B A G N A i R R R BT RE FT . FRAT IR B AR ik IR A 4T
BEAT R, DA ORI AR AL B IR R IR 25 MDA &, AT P Al B 0] i 25 M 28 5 1 Tl /e
TER AN A ST L rp, FRATT I B e S 28 S 46 v R B i 44 1) HypergraphSynergy #5745 FRATT 8 Y 304 T
Xtto SR ILE 2 fiw, AT TG febs LT HypergraphSynergy 15 7, 1X 3 B ERA TR B
A EERZ AR A EFE I, (AR I 25 A N FRAT R AT SR e 68 DR R 0 v ) A 1k o

3.2.3. Fi4mRmZsoIe
N T BEAEFRATT AR AR AE AR 0 2% A TR (TR0 A SR e 2 ) P oA R R B, FRATTSR P T B A R oy

DOI: 10.12677/0rf.2024.143240 19 1B 512


https://doi.org/10.12677/orf.2024.143240

W

Tiike BATELEMM RLERE EXIBUHREIEAT 2 F], BHRIIZRE T A R A S IR, DU
U 4 L 2 U A B8 251

f£5 HypergraphSynergy HRBEATXF LUK S rh, BATHAEAL L T AR I TERE. WK 3 B,
AR RLAE S DU A br b2 10 ORI AT DU AT 3RA TR B 3R T S8 IR 2 IR 25 5
A A TR R ANRFAE, AT S AT R 2 1 SR Az A RE 7T, & A T R AR I A5

0.8706

AUC 0.8621

0.5183
are [ O
0.5057
ace [ 58

F1_score

0.912
0.8879

0.4 0.5 0.6 0.7 0.8 0.9 1
Wours M HypergraphSynergy

Figure 2. New drug experimental results
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Figure 3. Results of new cell experiment
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