P ERS: R 2023 & % 53% F 11 Hi: 1663 ~ 1672

SCIENTIA SINICA Vitae

ChERE ) Atk
SCIENCE CHINAPRESS

lifecn.scichina.com
CrossMark

& click for updates

FTR T IR W U ) 25 AL 6 P U5 3

AT T A S AN S

L. v E R B b SR AR T SR, R AR I B A TS =, P 810008
2. FEFRFE R AR AL, 65T 100049,

3. R ERMERE =R E %A AT TR, BT 810008

* IR A, E-mail: yewang@nwipb.cas.cn

Wk 1 39: 2023-02-28; 43252 H #H1: 2023-06-25; W28 Ji &% 3% H #: 2023-08-30

WE MEEERAMEAELNRBEERE, 22—/ £ 2. B8 1 EI0E BB 2 H 6 ks, M
REREFAREREREZ —. R, FEERAYWEAEAFTEEAR — RV HGES, 2 FAEYFELH, et EF
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RIS S TAZ Tk 1 b R 250 AL 6 T 32

B IRIE AR N AR A S A, UE B 2 M i (acetazola-
mide)f1 AR 2 (sulforaphane) 4L & fig B & 301 i &g
A, HABX T 5l A 24, 4 G967 A 26T &
SRR, BN TR E AR KRS, SAT, 254
B 1A 50 e FE OB TR 8 A 7y TR B 9F H
PR A AT 2250, BT S H A, SRIR AT
SAAAIERAPT. L5 E R R IR X BT RN
SFIATAA G TRIE TR ERENAGLLR, FERE
PRI T3, R R 7440 25 - 245 A B
£ (drug-drug interactions, DDIs) X Zi#) A4+
Z IR EAEF, T 16 A4 o 4 B A Yl 3 1 245 4 41
B, 1FBA R LIEIELE, TR KGNS
YL, $E 2T R .

AR, AT 22 A 2 Fhooh B8 V2 1 T
2. Vilargs NCVET B ML TS5 24
Yy BAT ML AL i — Y, i A A vk
25915 CANDDI — R 25 B AR CM I, HET 5k 254
5DDI i — Mg K A EAEH. BT 45
AP B 2R 5 43 3R 4iE (molecular descriptor) 11T
AR IR SR A OC,  FFH X 24 B HE T RO T 2 0
DDI. H5 |, Jaaks25 AP 72 W, DDIf)ZE A3
FUVHRT- 0 MR 73R8, SCE TR T E W DDA
% 37 1F 25 3% (pharmacodynamics) /2 . O’NeilZ5 A *
R R A SIS H A AR N T LA S TR AR,
KENE TS AR T4 6 4G AL 1 FF
TESRAHE W 25 S ERr A R P A BAE . sk
S, THENUE T ORIR SR D00 1 IR B S AR 3R A
B2 AR, ARAE S ARG b F Y Deep-
Mind 2 & JF & ) AlphaFold B\ 25 &% T I 48 5 S 56 7
IR AR =g RS TN T, ¥
AT PRI P 2 ST OAT 38 20 e i AR 12 AT )
PRI SR K > e

BT AL 23 S AEAR A A L 3 R Ok 4
AHIEAE X — ik, ABFFUHR & TR0 kT E LA
)R A ONRRAE, T 0 2540 405 TR 40 B 1 0%
R, 3RO A R S B [F B B AL G
F R, & 2651 NS-kernel Fl & WikZ 23 Al 5 245 H &
MR Z AR, SRS mE R AL 2 &
AGHH R FRHE I &, I HPHE S B m 2R LS
IR I N AE, T4 2% T NCI-ALMANACSE
AR MIDDC R R E AN I . BUA S IR
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B, BETBTRHE A TR R RE g 22 S 9 A S AE A
M AR PR BB ST AR A IR UE SR I R,
FRRL RS AR 1 4h 27 2] 25 W 20 & R i 3R 2 TR PR SR R

1 ARHRIT %
L1 Bk

ARSI I AL A 2 ST A58 TR 1| 25 RN 56 IE B8 1 FNCI-
ALMANACH 4. Bl 5295688 DDCA 5,
TANEEHAGYA. ZYBRAIERCHRFEN Y
(R B I 206 Vil A3 =385 <3, i 3k28735154N WA
(MR BEM)-ZJPB (R B N)-4H i RCSEERMK). 1XLeDDC
HEILOFEHI105M LY 7 13 BIRIS355SM MU &
F6OK M AN Z. 2590 70 1 B 45 A BOHE DU (struce-
ture data file, SDF)H H £ E 4 TRl 60k I8 41
Jil Z U5 EINCI-60ZH 1 2 e, X Le40 fifd J 1K 4% A R IA
{E7ECell Model Passports¥if b R4, £45%157
Fh(SNB-19, NCI/ADR-RES, MDA-MB-435 7 # 5 4 %1
)20 M R e S SR TA M, R I E/ Nt il
. SSEE. PIXWE RGURE. BOERM. IR
R R N AT L O R e 2 7R

() HEPFRSEOHE. ARSLE 2 254 A B IF 1
T 5> RAT S, HERHE AN H SR e AR R
(RAH ELAR 2 P [FE A2 R R Rl (24580 J2 1, DDA
PlE) S AT B EAE DS, NCI-ALMANACSE
90 0 8 H A= K H 4 Lk (observed percent growth,
OPG)R MM AR EAMA S FIEKE L, 8
St EA REAMAE TR ELEKH 7 (ex-
pected percent growth, EPG){E N & A0 BAE FH I
Ffl, RZAAEFIDDCA S E %" ComboScor-
e=EPG—-OPG. ZHFELE +F ComboScore K0, TR
[FAH BAEH; 4510, o IMEAH BARH; /N0, ot
PUHEAEA. EWSLI P B, A F 1 Combo-
ScoreBE Aric 25 9 2H & 1 B[R] 14 FE )1 2R Bt AL AR AR AR
A, ORI 1 DY o B D B v D R A A B AR I
HAF, THE R EDDCAH A FRZE L AL RSB
HERZEILAO.

(2) 235 T RAEFN#L S AR, AR D7V S 22
SRELBERAE 259 50 - (W W ER AL 2% J PR (B RO At M 51 1) %
SR FIRE(ETA). 2595+ 155+ RAEE FHRDKiti
B, ELHR208 T BRAG T, B A5 B 47 105%2081
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Figure 1 Similarity calculation procedure. A: Collecting information on drugs and cell lines; B: calculating the similarity between drug combination
X and Y and cell lines 1 and 2; C: similarity matrix of the drug combinations and cell lines

BUE TR 51 1 RAESCAF. Cell Model Passports#
I8 e A 2R B R S LB B 5 37607 N R T, RS
B E A 57x37607 M HE To R M AH IR R e e 4L RIB M
A BE RN 250 T 2R T RAE AN AR
KA BITPM(transcript per million) 2 IAE FE A 7K
PIL2IH— AR AL 2R, FF i S 25400 53 A4 i 5 1) 58
FHE.

(3) MINFHETE.  ARINEET UM A MA S
FEARALAAH A 28 A AR B IV SR AL — ik,
THE 2454 41 -5 18] R0 48 i 2% (8] FR)AH ALL 1 45 B DD C A &
6] (R ARABATEE, IR LS 5 S BRI S N AIE. AT
R G645 A B2 ) A 1) B AR AL 1m) B DA R 4
ZRIAI AR AE [0 &, SRS $H545 2IDDCZ & I AR BA
)&, 25 L8 2 2540 & b B A BLAE F B R BRIV DR,

B AN 259 43 1 100 17 2 3 s U S 52 1 25 1 2145 1
PEJR, AR 751 R F S-kernel ™22 154 25 4 46 4 18] (AR A8
PE(EIB). Bk, 235> T1EAR SEI h i RoR s 4kl
&, DA A R O S 25 LA TR DU 259 5>
TR, W@ F(S). RIGEBIRAEECT 55,
B KAE, sU(D)~3). |5, HFEZGAA MHEE
BN

S(X,Y) = max(Sim,Sim,), (1
Sim, = Sl;SZ’ )
Sim, = 22754, 3)

RS, i=1, 2, 3, 4R H A 259 2 [ AL
(1) e 0 % pR 5 (0=0.1), B
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| Drug1-Drug3||? | Drug2—Drug4||

S, =e 252 ,S,=e 252 , 4)
_ || Drugl-Drug4|? _ || Drug2-Drug3 |2 (5)
S,=e 252 S,=e 252
3 o s 94 o >
7\|cclllfccll2|\2
Sim_,=e 252 (©)
cell .

T4 A R A i R AR, AR v s
¥R B (o=0.)FATHE, Wizl6). WEICH R, WA
P33 25 WD 2 A RN 2 FF AR AR o) AR o

1.2 Hldss BRI PG

(1) BRI, RUESEAR SO RN RRE T 55
JIE R RAT AR M, ARSCER Y TGl as )
JEF LA (random  forest, RF). SCRFAE=AL
(support vector machine, SVM)#& A VR 22 3] 7 vk vp
IR A 22 X 2% (deep neural network, DNN)AR R = />
PLES S SRR FR B T8 B RHAE v 7 AT I 25, Bl
WA FE T i S ISR R 7 v, St 4% SR B e
PSS R, SRR B R R,
R T T DR RS Ay 588, AU T
AT, REHENET RO SMAR. B
UZ R AR A, e AR R B AN AR
KREC VAR RN G R, ARSLIS IR 73T
Python, A BEALARBRAN S HE ] AL FH Scikit-Learn
WLAs 2 S, IR JE M &8 F KerasiR 22 3V &
.

(2) VEREVEAL.  ASCR AR AL 7 R0 8 T
TERATAT M FRoE VAN A R I AT VAN BB —, o
B vh = PSR ) TONME 2 25 25 B T P IR B R
[ e, By LA HIF, 20 B (n=X(7), RURS#52 (preci-
sion)Fl A [7] Z& (recall) 754 4L Aff V£ VP40 A AL AH [R])
THERBE R AT T I MR EME. 55 =, T AROC
2k N1 A (area under curve, AUC)FIPR#HZE T [N
(area under the precision-recall curve, AUPR)it+5ftt
B RS R A HERR M N, R T AR TR R R, R
SEUG R 10/ BE AL FP 7 0f = P A IR 104K,
AUC. AUPRAIF 7 #OHBCFSMEMbRHEZE. (7)),
Precision=TP/(TP+FP), Recall=TP/(TP+FN). TP# /K
FHM:, FPERINRFA M, FNZR SR B 1.

Precision- Recall

F=2. Precision+Recall”

)
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YIZadFE T, AL Gehlds 2% ) BIEAIR 5 2 o) Bk
KIS RN SRR EGAIE 77 28, RYBEATLARARAN SRR M) &=
BLARE V2 AT FH I A% 48 22 R0 =8 SCHGHIE 1 8 3 U i S 4,
TR S EEE R I 2h e . BRSNS 50
R AR MR B 28, AT AR A b R Y
PIZALRL e 1. X TIREM A M4, T2 8 1:1
RN, urde. matsE, = MNdREHDDC
HE R LA FEA A 25 0- 25 P H & B A &R, (H=
MR ERAE EHEMDDCAS. thAh, ARSZIGfE
FHR P 4 28 X 488 B0E AR 7 v IRz A N BE 1, BT
I K4 4E 5% E DrugCombDB 44 & v ¥ i DDC
HE.

2 AR
2.1 BEAESHGERE

X T BEALARMAE R, AR SIZI6 A FH AR A 2R NS4 58
XIS UF e B R AR R B i SR B IR R
PR 5 T BRI B P IERE . HE
REfAR/IEASRE, WE—NSEHHGHE X
TEVPAG A, ASIR LG AT P AL A% 48 2R LU S 40
HERREMHE: BRI R E R E
{100, 300, 500, 600}, i KHIRSE LS, 16, 32, 64}, K
Sy PR T B IMEAR R (2, 4, 6} SR RRAEE
RIS, WS R E SRR {0.014,
0.05, 0.1}(BUERR HBREEE R L)), 75 5
EHBNEEAR{L 2, 3, 4). ks XEHE, 555
S H: S BRI 100, FOCPHRE ~32, XI5 B
W T B i MEAEONG, AR AE0.014, T
R AR RS

TSR R AT, P A 18 2R RN ST 28 )R
RS ENSHC. RSy, vk, 4T
RSB Rt S5, CRE N, 4, 16, 32, 64,
256}, yKBE NPT, 278 27 27 27h, BRSHCH
C=256, y=0.25; AJ5, #ATHRSE R RIS, CRE
H{250, 256, 262}, yik B }{0.20, 0.25, 0.30}, 15 F L
ZHC=256, y=0.20.

XFTIREEMZ LS, n(8)~(12), Bt ZHoE
PR H sigmoid R 4K, Beel )2 8 FH Re LU B 2. AR
AN 2 2 E & o EE K IRC {5421, 256, 128,
64, 10, 1}, 5155 BB (28 XU R 5, I rid RE A8



hERE: AR 20234 B 53 % O 1M

FABEHLER B T BEARAL 23 AT AL, FEANR) 22 2]
FEEAER/NA A HISEIR T, 23 R E 107, #EK
NRE 256, NGt il RISk RE T A R AT
b, WRISIRER bR %S 18 M epoch H I H
N R ZR, BRI ZR5E£21000~epoch.

T HLinear 2R /n 4% H 2, BN(batch normal-
ization) & /Al 4 — 4k

Out =ReLU(BN(Linear(Input))), (8)
Out ,~ReLU(BN(Linear(Out ))), 9)
Out ;=ReLU(BN(Linear(Out,))), (10)
Out =ReLU(BN(Linear(Out.))), (11
Out =Sigmoid(Linear(Out ;)). (12)
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SR AN, SCE S F R T B N 2 1) Bk
GraphSynergy”#E4T T HAL. S8R FIFIR, HTA
T 15 (P B AL AR MRS L A P s, FEDREL R H, L0
IREEAR S £ A5 A I Ak, A8 A B 7 v mT LB 10K
HEROCHZ NP AbRE 2 (E2). ZREM, &
SCHE A N RFAE T O ] R S R AT
T —0, SR a5 AR B, ASCHR H BRHETH R T
RERLUF MR R 254 AN R FOAFAE, IR BT A
JT LML A% S B e 0% 2 S 2544 14 P IR 1 R 2
i 2 (A % AR
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Figure 2 Average ROC curves for the kernel-based model

ARSI HAE A, AN IR 52560 B vt Rl 1R M T SAR
S T B0 R I 250 20 A LE A R 40 2R 1 Py [ P 46 21
250 s e sk S R e e R G B R e
T-ComboScorett HZHEH54E, [HtAE T DrugCombDB
¥ 5 i Bliss, Loewe, HSAMIZIPPUFfriES 2254
HAE MY FEITEARZE, I P A bR AR 2E 1, T
ZAA A P R EAE . IR 4 R /N
it 8 4 ) 2 (A427, NCI-H1650, NCI-H2122, SK-MES-
1) 096 41 i 5 (HuH-7) 1 25 9 20 6 52 56 5000 2 Sl ok
HO’Neil&: A HIHF 5L MINIH(National Institutes of
Health).

e 2R AR LA FE SN 41 i R FNRS9ON 24 )- 2454
HAMRII2428 N A -G R A, TR 2
ARSI A FH I SR B 22 (IR e 22 I 445 AR
B AL BN S 805 U Rl FE AR — 50 BB Tl
MBI W22, HAP LR RSB bR 2, PRANTIIIAR
25, Odds MR FE 5 S B 2. B IZAMA -
ST 2 (1) Wi R P A B AT P S R A — 3, e DA R 1%
A HIAREE. TEIR/IN 20 i e 40 2 R0 i 4 i R o,

Table 1  Comparison of model performance
A7 AUC AUPR F,
DNN 0.8945+0.0056 0.8227+0.0085 0.7416+0.0075
RF 0.91540.0012 0.8612+0.0023 0.7753+9.5x10™*
SVM 0.8750+1.0x10™ 0.7871+4.8x107° 0.7297+0
GraphSynergy 0.8349+0.0011 0.8163+0.0014 0.7287+0.0017
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% 2 HHWALT
Table 2 Novel drug combination predictions
Zwn 252 Mz zIp Bliss ~ Loewe HSA L P Odds
Carboplatin AZD1775 A427 2.62 2.48 3.15 7.29 1 1 0.799
Temozolomide Geldanamycin A427 4.24 1.98 1.64 7.51 1 1 0.777
Sunitinib SN-38 A427 5.10 5.32 2.52 11.23 1 1 0.774
MK-5108 Dasatinib A427 3.31 2.80 9.43 12.48 1 1 0.756
Etoposide Sunitinib A427 5.51 4.27 5.38 12.07 1 1 0.754
Temozolomide AZD1775 A427 12.86 11.62 14.74 20.01 1 1 0.747
MK-5108 MK-8669 A427 1.11 0.88 4.34 5.79 1 1 0.698
Zolinza Erlotinib A427 5.25 4.97 7.28 11.07 1 1 0.694
Sunitinib Lapatinib A427 11.88 11.29 13.19 17.58 1 1 0.692
Colchicine Omacetaxine mepesuccinate ~ Huh-7 -12.43 -13.72 -36.38 -3.10 0 1 0.760
Clomiphene citrate Colchicine Huh-7 -8.99 —2.66 -2.86 —1.12 0 1 0.734
Colchicine Apilimod Huh-7  -12.86 -11.81 —13.49 -1.24 0 1 0.680
Amodiaquin dihydrochloride Bepridil Huh-7 =729 538 -330 023 0 0 0048
dihydrate
Sunitinib Aripiprazole Huh-7 -6.53 —12.01 -33.66 -9.97 0 0 0.149
Colchicine Aripiprazole Huh-7 —8.98 -9.80 -2.70 -1.52 0 0 0.146
Azithromycin Apilimod Huh-7 —-4.23 -4.47 -71.29 -1.76 0 0 0.030
Clomifene citrate Mycophenolate mofetil Huh-7 —4.82 -5.39 -7.99 -1.19 0 0 0.026
Azithromycin Toremifene citrate Huh-7 -5.66 -9.81 -6.48 —6.48 0 0 0.024
Colchicine Favipiravir Huh-7 =777  —831 -1.08 -1.08 0 0 0.010
Ty bir [E] (R 2H o EEZ4110%. FE— SERR LR LR B — 25 P AL B UL R R, B R) 245

ERERRE, M rgimaa K2 hinr i
A ARERE LI /N 7> T 25 ALK, EE S R A LR
TREEVRST . BIARRKKALZ A = A2 il KK Al
AT AT 220 ZAMIFR), SR UE B AE I PR AT 4252 10
FURETE P, B 2 5 40 i R A e 1 s
9 = RAZ BB — P R 5 A R, A SRS e R
FE R 1 RIS B b, ST O v = A Tl
F—FIARAT BN 53 FAM A2, ROl AT = 2R
K BEBRAE AT BEAT HE— 2D R A AR A4 15 S5

g5 b, FETRTRHIE T ST iR I DNNAL R B AT T
LIV B - AR P R PEARZE K E 1, 15 2 B AT U [FIAH
B A 254 & sl s B0 14 B U B A T 2521
7, LA BIINE 25y i FE R H Y.

3 Wit
T R T SR IR T — F AT, B T RE
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Complex diseases, such as cancer, often exhibit resistance to single drug therapy because of their heterogeneity and complex
metabolic pathways. Combination therapy is an efficient strategy to overcome drug resistance. As experimental screenings consume
considerable resources and have low efficacy, the computational method is a good alternative. Thus, this article proposes a new
method for computing features of a drug-drug-cell line (DDC) combination based on similarity, where the S-kernel and Gaussian-
kernel methods are used to calculate the drug-drug combination similarity and cell line similarity, respectively. The final feature
vector for machine learning input was obtained by concatenating these two vectors. The output for machine learning was based on the
experimental results of the synergistic drug combination. Cross validation was performed on three machine learning algorithms,
including the random forest, support vector machine, and deep neural network models. The results suggested that the novel method
had a robust performance with an area under the curve value of 0.89-0.91. Importantly, the model predicted the novel DDC
combinations with new drugs or new cell lines based on unique input features. In conclusion, this novel method improved predictive
performance and provided a new strategy for predicting synergistic drug combinations.
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