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development has the problems of long research and development cycle, high cost and

Abstract: New drug res
low success rate. In order ese problems and improve the efficiency of early drug research and development, this
paper proposes a virtu: ing method based on graph convolution neural network, and uses the model to perform virtual
screening of the EGFR (Epi@ermal Growth Factor Receptor) targets. Firstly, the relevant data of EGFR targets are obtained
and used for model training after data processing. After that, the model is used to screen a large number of compounds, and
after small molecules are screened out, they are searched for compound similarity with drug molecules to verify whether
they are similar to known EGFR drugs. At the same time, the graph convolution neural network model is also compared with
other traditional machine learning models, and the proposed model is superior to other models in all indicators. Experimental

results show that the proposed method has good predictability and accuracy, which facilitates the discovery of potential

drugs.
Keywords: graph convolutional neural network; virtual screening; EGFR; compound similarity search; machine
learning
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Fig.1 Experimental Procedures

2.1 HiEEKiE

ABFFE 8 ABAE R IR T 2 A A ML A BIEE, B
DUD-E", ZINC"™ DrugBank™, DUD—E(A Database
of Useful Decoys: Enhanced) & 2 E N KR2#IH4 L4
K2k F fShoichet 5256 % HE LAY B 4 (http: / /dude.
docking.org), frTarget ] DLEFRAR AR A, T
actives_final.ism#ildecoys_final.ism 3T, FEBU Y #E 511
WAL AV ANFE S AR, AT IISE, ZINCERE
= HA KA N FIEWEZ—, RS20 TR
0 R P00 R TN R B, BRI P 9. 8122 A4
INGY -, AR IS SRR A A CE RN T B AL e AR, RNy
FHEYEELOT G FEREIECHE, 5 S20 E UE.,
DrugBank i 2 — A0, ol [ i e LR E
LA KA B RRfE B, FEM AR 52 ZIN Rl
PERR RIS TR, FREEW T 5DrugBank #9254
ST HARPIEE R, TS Eﬁiﬁﬁﬁ‘fio
2.2 HETALIE

wTEﬁﬂmgéjﬁmuuﬂﬁﬁﬁ¢%ﬁﬁ%&ﬁm

MHA EI’JTSE‘Q’JQ’ TR RE LAY S5 EA G 8 5
1
st NP

-

PE MDUD—EHdz 2 i 52 21 i A & W B 3 A 2%

18 % WHSMILES(Simplified Molecular—Input Line—
stem)5, SMILESZ—F i SCAFAF 8 7E L7+

Ji ¥, SMILES=AF 5 AR 3 X By 7 ik T

R TR, FEARFIE T, W AR R 22 5 B2 iR

e
%
A

niry

RDkit, FELGYRISMILESS, TR HAEWRI D T&.

LogPABJE A AT, @A &9 iy 28 J8 v m] DA BTG M
MBHEN T, BIEEHEEMBEHEN R, WHHFFTF
5, RIE S RN GRS 4

2.3 EERMEER

A SO R R 22 T 48 A ROR T 43 F M HIEGF R g
J1. BEBRMENLGRE—IRASRBENRMENLE, &
T2 W 4 (Graph Neural Network)"™f—7h,

SFEG=(V.E), v IV SES, ENIRES.
YT AR, WEEREY,, WA Xy, ®n,. =G H
B3 A ETA MR . SR ME 4 . BEH I D AVRRAE
X o SPHEHIE AMRF R TR RINEREX R, BHEEDR—
KRR, AT R R TR AR ST R, KA
FIRICE D, =), A, o FREHFE X BT 259 S HAE,
X e RV, HoF2FHEMYEE,

WRBE2E S i B R SRR . B & M 45 2 5 3
m, FEEAEHSR, RERTEREWES. N TEES, &
FERIRM B 3R AR AE Xt R ) B R AR AE . AR AT —
ANEBTRZER AT DA BN F ek R

H'" = f(H' 4) (1)

H' =X HHE—Zr4A, P XxerRY, NHEMWIR

AN, DB R AR, A NABIEAERE, X HLI



25T

KEVE S BT EG R E R 21/ T U i 21

TRIZMBIRE, BRI E
FIRAE T RELS BRI

FERE 3], BEANT A B R A X2 1T 5 4 A
RFEREAT R BRI RA . HAKH

H" = f(H',A)=o(4H'W") @)

Hep, w2 WE, EERF«F, oe) REEEE,
KRR MG REARIT, NHER T, T ASPRHA R 4 A
2T XA AR L T R 1 AR AR AE . X LA AE
PIAS UL, — v T A 0 FT R I 5 B0 B T A B
fiEs 2 A FEME A IEAL, X T RE B0 2 I R AR v
PR SR EE AR BT R B, X T — A, Rk
RN AN BB, B A=4+1. WTH A
@ﬁ,WEﬁA%%ﬁ TIEW AL, SEHAE—ITRAE N, f
Wpap >,

Pl AR 22 I 25 1 B T R

! RIRFIE, AR 22

1 1
HW”—J(DZADZHWWWJ 3)

ZMAEIMAN HY e R (WA N H = X ),
wO e RPP RFFINGRINSEG o Sl LR

W, B2
Z A,
ﬁﬁl

4 HHERE

K FEAE ) 28 B A o< 28t (Matthews Correlation
Coefficient, MCC). #E#fiZ(Accuracy)

!"E&bz)

, . = . BHEZERecall)H
23 ¥ (F1-Score WE R IEM3ERR, MCC. Accuracy . 4ecal

F1—Scoreft) A= :

MCC =

J(TP+ FP)(TP+FN)(TN + FP, (4)

TPx TN — FPx FN x
(TN +F
4

Accuracy = (5)
Recall = (6)
Fl— Score — 2% ision x Recall ;
Precision + Recall (7)
i P
Precision =
TP + FP (8)

Her, 7P HEIER], FoRIEZFIEFTN -HIERE; TN HE
B, FORFSEIEFIM A AL FPoVRIES, R
KRB A EFRE PN RRGEG, FoREFF IR A
ik
2.5 MorgangE4L

LAY R G B AT R TG HEEA
HIDT s, 1 2 SR A A A (DL 48 R SR IR iE IE AE B ST A Ak

&Y,
ARFFE L E G Morgan 4§ 8 (Morgan
Fingerprints, R FIRE)KFITHEGWHLUERE,

Morgan{g 82 —FETEIEES, W THIMEIEL, Z#d
XA E I Morgan B yE I TMGE F 15 3. Morganfg &l A&

WROLR . IR, A A HE L, AT S FHE
B, ot o RRR MR E T4, 7A@
BEAT A TR fg e, W] DAAR AN 6] ) 75 ZE AT AH . A 18 2,
Morganf 80 T 54 H 192 1 T R 5E A X 74
fE, WAIDAI TR R K, BRRTRE T M,
3 LEERESH(Experimental results and

analysis)
3.1 EIFESER

¥DUD-EH KA EGFR 1y b & ¥ M HAL &
YR AT IR AL . RS 2 RAR R 542 NGNS TR
35,050 AN EEIEH/INS T, KRR A AT B 2 E o I 2R A A
4, K5 AT GONBARAYIS,

WAL S, FIBCEY G ZIN CHde & Pl S i1k &
Y, B Em 10 AN TG . SRR RN TR B
RIFTR, FEEINE ?o

#HR
a creening results

ZINCID POS

CNC 130 nenl)NCCN1CCOCCI ZINC000625482982  0.9997
%C 0)c2ce(O)nen2)enl)NCCO ZINC000626365175  0.9995
% 1CCNC(=0)Cl)clec2e(O)nenc2enl ZINC000275344580  0.9994
CCNICCS(= 0)CCl)clec(O)nenl ZINC000624599984  0.9972
COclncnc 0C)c1C(=0)Ncleen(CC(N)=0)nl ZINC000346738578  0.9921
0=C(NCCnlncnnl)clenc2nc(O)nc(O)c2cel ZINC000338963968  0.9918
COclnenc(OC)c1 C(=0)NCCNICCNC(=0)C1 ZINC000272723574  0.9886
COCCNC(=0)CN1CCN(C(=0)c2cc(O)nen2)CClL ZINC000623565056  0.9867
CC(=0)N1CCN(C(=0)CCNC(=0)c2cc(O)nen2)CC1 - ZINC000625361044  0.9850
Nclnenc2clnen2CCC(=0)N1CCN(CCO)CC1 ZINC000666190556  0.9811
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Fig.2 The chemical structures of the top 10 small molecules
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Tab.2 Compound similarity search(EGFR)

SMILES ZINCID HIUMEGFRE %)

DBO5424(Canertinib/ CI-

0=C(CNC(=0)clec(O)nenl)NCCN1CCOCCI 1033, DBOV3TGefiini)

ZINC000625482982
DBO7602(S-{3-{(4-
ANILINOQUINAZOLIN-
6-YL)AMINO}-3-
0XOPROPYL}-L-
CYSTEINE)

0=C(Cnlec(NC(=0)c2ec(O)nen2)en)NCCO ZINC000626365175

0=C(NCCNICCNC(=0)Cl)clec2e(O)nenc2en]  ZINC000275344580 DB05424(Canertinib)

0=C(NCCNICCS(=0)(=0)CCl)clcc(O)nenl ZINC000624599984 - DB05424(Canertinib)

COclInenc(0C)el C(=0)Neleen(CC(N)=0)nl ZINC000346738578 i
0=C(NCCnlncnnl)clene2ne(0)ne(0)e2cl 7INC000338963968 bR
COclInenc(0C)el C(=0)NCCN1CCNC(=0)C1 ZINC000272723574 T
COCCNC(=0)CN1CCN(C(=0)c2ce(O)nen2)CC1  ZINC000623565056 T
CC(=0)N1CCN(C(=0)CCNC(=0)c2cc(0)nen2)CC1 - ZINC000625361044 T
Nelnene2eInen2CCC(=0)NICCN(CCO)CCI ZINC000666190556 T
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Tab.3 Model perfgr‘( €

Bt MCC/% Accura«\“ca 1/% F1-Score/%

GON(ZSrigz) 90.42 9N‘ 84.15 92.62

ET 58.21 99.02 35.70 51.83
LightGBM 53.76 98.92 35.69 49.71
RF 50.89 98.90 28.41 43.29
DT 40.49 98.01 43.21 41.32
GBC 34.67 98.63 19.47 29.68
QDA 29.02 96.45 46.44 27.63
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Tab.4 Compound similarity search(DRD3)

SMILES ZINCID HILLYDRD3Zj%)
_ . Pardoprunox(DB12061),
CN=cInc(N2CCN(C)CC2)[nH]e(N2CCN(C)CC2nl  ZINC000343815458 Olanzapine(DBO0334)

Cnlec(CN2CCN(Ce3ne(=N)nHJe(=N)[nH]3)CC2)enl ~ ZINC000436121481  Piribedil(DB12478)
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Blonanserin(DB09223)
NS(=0)(=0)[C@@H]1CCN(CCn2nc3ceeen3c2=0)C1  ZINC000331804134  Domperidone(DB01184)

Buspirone(DB00490),

=0)= y)
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Ziprasidone(DB00246)
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