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Graph convolutional neural networks considering distance
on molecular graph for compound activity prediction
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Abstract: Machine learning is often used in virtual screening that finds compounds having pharmacological
activity on a target protein. Weave module is a type of graph convolutional neural networks, proposed by
Kearnes et al. in 2016. It uses not only features focusing on atoms alone (atom features) but also features
focusing on atom pairs (pair features), and can take information of non-adjacent atoms. However, the cor-
relation between the distance on the graph and the 3-dimensional coordinate distance is uncertain. In this
study, we proposed three improvements for modifying the weave module. First, the distances between ring
atoms on the graph were modified to bring the distances on the graph closer to the coordinate distance.
Second is to use different weight matrices depending on the distance on the graph in the convolution layers
of pair features. The third is to use a weighted sum by distance when converting from pair features to atom
features. Experimental results show the performance of the proposed method is slightly improved compared
to weave module, and the improvement of distance representation might be useful for compound activity
prediction.
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EM LB QEH22 Y, BFERITEERMD S BT
MU ErmdeInTWw? [1). KBEbEWmZ1 75
VOFRSAIFER =y Mo b RN ZEIx UTHEE
EROMEMENA AN =T Y NAI V== 12k oT
ERT BFENE KLU TWBN 2], BREEOIEY % A
I ==V T T BILERERIA NN PSE. 22T, it
B Ao TR LLKEERZF2MHEY (v MEEW)
EPHTEIEDTES, N—=F ¥ VAT —=VI7hl
fInTns (3.

N=F Y VAT ) ==V TORMAD 1D LT, B
HOTEMEIERZ BT 7 NV & UTHEMEZICX 5 7%
T2V HY RR=AEDH B, FIGEETI, (LEYOD
HERTE)—F, #HHrTyv Ve LI 7R,
Za—INhxy NT—2 &N L THRHEHEBATES LS
2o 7z [4-6]. 22T, 77 7HEiE EOBRABEIC
Lo THBRAA=Z =TIV Ay NP 2FEBRTETITTE
AHZa—F )%y bTU —2 (graph convolutional neural
network, GCN) 23\ o 5.

GON Z W7z L&Y O R il i TlE, David 5D neu-
ral graph fingerprints (NGF) [4], Han 5(Z &% GCN [5],
Kearnes & ® Weave module [6] &K< HWwoNnD., T
N5 LB E O Fingerprint @ & 5 12 —E#HANIZZED < fbE
Wigdik 7 (RN 2 bV) Z2AERET, S5 TS0 ¥EE I
F o TR MVEFRIIZRBITE D L WS RAidH 5.

GCN IZB\WT, David 5% Han 5 DFIETIEHF27 5
THOLY VOREEZEEBLTE ST, /—F LiEEORK
EEFETLILICEREYSTTWS. LT, Kearnes
5 ®D Weave module TIIFEFHMAIZIEH UK (7 H 4
) 2o, MiN7-J1 & ORE (RTEE) AW
THEDRHEANRZ SV EEHRL TWL Z & TN 727 1
DOREEIRD ANDZ N TETWS. L2 L, Kearnes
5 D Weave module ZEEVINDR 7 DA GELEEZE X
7 &, BAFRTDOEENZRT LR BFETFORULEERED
CIZEL > TED, Weave module D AJ) & 7325 R TR
TIRHTOREZZEL TR,

AHF5E Tl Kearnes © @ Weave module (28 WTH ¥
7 7 L ORI R SRR T 57201, BREEND
Rz d %277 7 OB, RTREOELAAS
FUFOENERET S Z & THRMICHEN - H 0K
BxKMU7 GOCN FEEZEETL I L2 HNE T 5.
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2016 412 Kearnes 5 H42%E L 7z Weave module [6] D
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WD A 5T, B K OEHEEIER) (X7 R & it
7 b LRI AT SHE) 2WRNRE L. ZhH5D
BAEICBIUCRANICEIA L, 330 [6] 1225,
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Fig. 2 The input vector of atom features
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Fig. 3 The input vector of pair features
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Fig. 4 Converting from pair features to atom features
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ARBIIBIIEHFT7 7 7DEH %2 L TD Algorithm 1
2R

Algorithm 1 125V T, GetSymmSSSR() 13% 57
EOMAMIZE VT, BREMKT 2T RTOMAEELH
BHGEREGD S b TRENRNEEH THE S N DR K
INESE IS T BB, flatten() (% 1 RoThlNICZ T 5
B8%4, Shortest_path_length() (5 B IHm r 721 ZEE L
TEZDHRE HOP £ TOR S ORFERMEZFHEN dict
TETEBTHS. HOP FEEHRT»SBRE2EILT S
JRFETDOFRY TEELRT. £/, items() ITX D, dict
HOXRBEROBE LT (F—) LREREE () 2H
89 5. GetSymmSSSR() I& RDKit 71 75 Y (version
2018.03.4) [7] T, Shortest_path_length() {& NetworkX >
A 7F Y (version 2.2) [8] TENETNFHEINTWS.

ARFEBRTIX, HOP =2 L EHTHI L TCREEEEZHFT
BT 7 DEREEND T R T OTE SR CHEEA [d/2)
Thode U7 TITAdRETRTENCE T 2 mERED
EX%%K9. &8, HOP H 3 ML EDFEIE, Algorithml
DIFFHIZBEWT v=2,3,..., HOP %2 T5ZM1Z (OR T)
MABZTERTES., 20X, BIEEND D 5 TEHMSD
SHRE2,3, ..., HOP IZHBTHAIZ Ty VEBINLZZ 21T
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Algorithm 1 BRf#iE I D PRt D E 3%

Input: 3127776
Output: HEHELZDFT 77 H

1: H« G

2: sssr < GetSymmSSSR(G)

3: r, < flatten(sssr)

4: for each vertex v in sssr do

5:  for r in ring do

6: dict < Shortest_path_length(G, r, HOP)
7 list < []

8: for k,v in dict.items() do

9: if v = HOP then
10: list.append (k)
11: end if
12: end for

13: vg < set(keys) and set(ring-flat)
14: for a in vqy do
15: ‘H.add_edge(r, a)
16: end for

17:  end for
18: end for
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Fig. 5 Examples of ring structure
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Fig. 6 Examples of redefined ring structure
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AITHNE NG TEIAAZITY, Thoz R LEDES
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W fE 2 & 7 12”9, Weave module (¥ 4) TIXE T i D
R7 LI 50 0-312HBERFARTITH LT, MUEA
TR WE, 2 HOT WL ZA5, 252 (KM7) Tl
1 DFFATITIE W, O, B2 OFFRTIZIE W, OFE
AITHE AW TEAAFHAEZ T, FoNRTRHZ E
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Fig. 7 Convolution of pair features using different weights
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DFTIT7BWT, HEREF»ST T 7 EOH#HE
IR BIFCHHEC T 2 REEERE T Z e s, HTHE
T DA E VR RTIE W R F R TIZ AR TEEMED
BweEzonsd., 22T, L3 T, Erilzxdd s
FIE 7 N L af” B RO BEIT, B d; AEVEDIF
EREVEBMITEITD &S BB g(d;;) & 3 FERE
U, A1) ZUTFTDO LS ITEIEL .

al’ E:gw

o AT v T
HEHFEF2 S HEEEDS distye, % 88X 727 BHEIXELD
AFERWE D AR g(d) = 0 if d > distpas else 1.

o —IRBAKK
HHEF»SHE#EA? 1N 5 T2 T TR
FTHEMINTEEEMINI LTV &5 72
g(d) = —0.1d + 1.

o IR
HHEFBLOREHETFO 1EEORTHEIZZTD £
FUDIAA, HHEENIELS BRBIFERTRBIZN T 2 E
AT DEERED 2 TR BB g(d) = 1/d2.

758, A (2) TIHRE 2 DEADFEND ITBKBE T

RODS, RE 2 LIE I IFFARICHWS Z LD HEETH B.

4. FHMEER

41 7—9&vh
MoleculeNet [9] & b, Biophysics D7 —%+ v k HIV,
MUV, PCBA ZZHhZHERL 7.

WII—'C’Ap](Ci,j) + leCDA) (2)
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K1 FT—Xty bOFEM
Table 1 Details of datasets

dataset X A2  #Pos*! #Neg™! L&Y RN
HIV 1 1,319 39,065 40,384 743
MUV 17 489 249,397 93,087 0
PCBA 128 471,273 33,509,569 437,035 894

&2 22 BTHUALBYARR S TNV TERINT WS d,
FHELUCHRA B EDRL -,

e HIV
4 UL EDAEEYIZ O WT HIV B2 E T 26
%7 A b U7z National Cancer Institute O$HT AIDS #l
A7) == [10] DFERT =K. A7) == 7Hk
RIHDE, MRS NATENE (CI), MRS NG
(CA), WERINZHRREOEE (CM) D3 D2DHT
TV 2T 5NTED, CAL CM DTN EHEE
U CHEENE (C1) &7EME (CABLTCM) ORI N
NeloT\W5A.
e MUV (Maximum Unbiased Validation)
16 & Wy o 75 M G 52 BR O &G R AN 8% X v 72 Pub-
Chem [11] BioAssay S INE I NzT — Xt v b.
BOREANZ2BEAL CGEREN TV [12]. 95D
EEMZNT B 1T DOR—=7y hDGENS.
e PCBA (PubChem BioAssay)
PubChem BioAssay »blNE I N7 —X v b, #
BRAZIL 128, {LAWEUL 3000 A EEENS.
17— 2% SMILES R T 5. KifsE Tl
RDKit [7] Zf#H L T SMILES JEX7 5 2D 43127 71
BTz, KEBRTIZEE, BRETE npe, 2HBA5H
R EOEWET — 22y b oAU R 11T, &
TRty FNOXZ I, KL THEML ZEELE
Wik, FEEVEALEYE, LU S, EE TS
Nmaz = 60 ZE A 72 (RIS N) (LEVBERT.

4.2 ETILO KL —Zv & iR

77 7HAAZ =T N2y VT =7 ETIVIIEREEE
Z4 77V Chainer Chemistry (version 0.4.0) [13] & F\»
THRELZ, EFVDONAN=NRTFA—=RFR 20DM#EH T
H Y, Kearnes 5 DMHEHA L TW72MH [6] ZF&E L. TN
SEDNANR=NRITA=REZBELUEZETIIZDOVT, &K
R T B distine, & 17925 5  THRETL 72,
AFFEDOERTIZETNVOFHREEE, EEHD L VD
TR D & WIEIZ MR 72 ALEWIER 2 5 2 (3) D ROC
AR [14] O AR R (AUC) 8 & TR (4) @ Enrichment
Factor (EF) [15] (T & > T L 7=.

Npos AT
1 N
AUC =1- = 3
NPOS i—1 NNeg ( )
Npos z%/NI%
EF,q = —tosahlo%h 4
2% Noo/N (4)
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Table 2 Model hyperparameters
HH % AE fiE
ﬁ%[ﬁ%jﬁﬁ%ﬁ Nmaz 60
AR RT B distma 1-5
Weave module ¥ k 2
daa,dpp,dpa,dap,da,dp 50
d A 128
Fully-connected layers (JEZ & D=y r&) 2000, 100
Ny FH A4 X 96
. Optimizer Adam
fo—=v7
FER 0.001
IRy 100
HIV 8:1:1
train:valid:test
PCBA, MUV 6:2:2
b 1 HIV 10
trial (FAAT[EIE) m
PCBA, MUV 5

Npos 1FEEALEYI O, Nyog 1FIEHIEALEY DR, N,
i FEHOEMALEY L 0 BIEMAO & WIEEEILEY O
B, NZ2EME, Npos.y & LA 2% NOEMEALE
VIO, Ny &7 —XEvy NAD 2% OibEWER (A
Nyy = 755N) TH%. AUCIX 05 TI XA, 1.0 T
EEZEDOTN%ERT. EF,q XMEEYIDIEM T IFIZ X - T
TEVEAL A DS EAL 2% IR C E 722 m Tl E 72 5.
AFETIE EF 1o 3 & U EF59, & AWz,

HET =Ry M, R2IZRTHRIZTIHT— X
(train) /MRFET — X (valid)/7 A b T — & (test) (243 L
2. T—=REYy DK RAZ T LIZ, MEET —ZIZH L
THHEWVAUC 2F 545 epoch (FEF =y KAV
b)) ZERL, AT —XRIZEHALTEAZ ZE DT
Y AUC 2B U, &KX A2 % T, epoch % n, trial &
i(=1,...,m) &XT &, AUC OEHAIEIXUATO®EY T
H5.

Npest, 7 = argmax mean (AUC;E‘,EL%) (5)
AUC = meglﬁian mearn (AUC%S?:LM,,,T,J (6)

ZZT AUCVTa},ifi 1% trial i 1Z23B1F % epoch n TOFIHHT —
RIZEBAXY NI =02 HWTHEET —RDRAT T %5
WLz D AUCHETH Y, AUCY, (3 trial i 1285
i7% epoch npest, 7 TOHIMT — X2 & 2 2y NT—20%
AWCTARNT—RDXAY T 2 FHlLIzL ED AUC A
ThHb. Ftrial i TOTF—X Ly bORENIHE T > X L
Zirbins. FHbifEFREORL O E R 8 125K 7.
EF iZ2WTH R (6) ERBKICHET L.

5. RERFER

51 RE1BLVRE2 DER
¥ 3, Weave module, 2% 1, £E2, BIUTREE1 L
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epoch = 70 @ Wb [sucy, = 0.76 — AUC|%,, =0.75 -
Bucyls | =081

epoch = 100 mean (AUC'ﬁ%J) =0.77
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— d S S S
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walid
cpoch =70 3B Wb —|AUCTTi2 =017
uCyis, = 0.82
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Mpest,1 = 70
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i = m(trial)
8 FMiA MY ADRH Sk

Fig. 8 The method of calculating evaluation metrics

K3 BELIBICERE2IZE2ET—ZE Y D AUC
Table 3 The AUC of each dataset using proposal 1 and pro-

posal 2
distance
dataset model
1 2 3 4 5
Weave 0.796  0.798  0.795 0.793 0.801
E 1 0.796 0.803  0.799 0.794  0.798
HIV
x 2 0.794  0.797  0.797 0.799 0.806
2% 142 0.806 0.798  0.801 0.800  0.800
Weave 0.680  0.720 0.739 0.689 0.743
E 1 0.706 0.783  0.735 0.741  0.754
MUV
RE 2 0.723 0.738 0.714 0.671  0.736
£ 142 0757 0.760 0.704 0.737  0.693
Weave 0.822 0.824 0.821 0.821  0.823
1 0.821 0.825 0.823 0.823  0.824
PCBA

RE 2 0.822 0.821 0.820 0.822 0.823
% 142 0.819 0.821 0.823 0.822 0.821

RE2E2H5DOELETNVT, T —X&y b® AUC 21t
BULRERER 3I1TRT. BE1TEMUV F—XEy b
T Weave module & D  &WFHIEREDE S /228, HIV
B L PCBA Tl& Weave module & FIEEEIZE F - 7-.
X 2 B TlE Weave module & 1Z & A EHEITED S
T, RE1LRE20MAGDETH LT P RMFEN L
WZEE-T. £T =Xy MZBWT, &EO distance /¥
I A=K (K 3HFDOKRFHEFT) T Weave module (2% LT
AUCIZED DB E T 4NV O SIEAMBREIC &
DR E A, BREEIBONGI ST,

RELIZODWTH 9, 10 &Y HIVF—Zt vy M
B} 5 EF Do % iR L7z, EF,4 T distance =2 D &
192t mbE <R o7, EF54 T% distance = 4,5 ¥
DENTELS Y, HNZRTHEOREAKmTEZZ L
ERBLTWS, LU, MUV FT—=XEy MIDWTI,
EF 9, EFsy & BIZZD &5 RAERITRA 50T, Weave
module & H F D b 5 R WHEREE - 7=,

11 BLUOHE 121 ZAUCHEDOHHTHSD. 7272 LK 12
TIEA (6) 1281 D median HEE T HHIDO X AT T LD
AUCIZ k20 i% R LT, RE1L22(DELETVE
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Fig. 9 The EF;¢ of HIV dataset using proposal 1
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Fig. 10 The EF5¢ of HIV dataset using proposal 1

Weave module ¥2E 1 L HigT 5L, MUV F—Xty
h®D AUC T, distance = 1,2 @D & 5 RIiEEDJFHTD A
HAZ DT L TAUCIEELSRY, EXA7D AUC D
o DENWNSL otz £, BE1 22808 E
TiE, HIV 7—X ¥ v DY EF, 9, Tl distance = 5
DEE 188 LFELAY, distance =4,5 D& EFEE1 &
WU ThehnlERR o,

5.2 1R 3 DfER

AT R OENFIRIZ DWW T Weave module & 2% 3 D
3FH OB A MAAA LGS IZBNT, HIVEB XU MUV
T—REy MINUTERLUZEREZR 4 1ZRT. —
e ZIRBEEOET VL, WEOMEIINL, HT—2&
Y hTAUC R—ATROLTNIZEL R o724, Weave
module 12§ AHEIAEREEIFBON P72, Fiz, A
Ty TEBUIMLE 7L & IR U TREME o722 &b
5, Weave module % fiAEND Z & TRAADY A X
PHEARL, BARRTRTH#EZE - TREEELHLT
WMOIAENTNVD Z AN 5Tz,

6. EE

6.1 V7 LDEBMABELLILICLDZHE

BEEBN T — &2y FNOILAMBUTKR L T 3
Thol2720, BEL1IZL> THREENDFEFIZEALT
757 LA BELAZI L IEEND L EX 5.
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Fig. 11 The EF;¢ of HIV dataset using proposal 2
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Fig. 12 The AUC of MUV dataset using proposal 2

AUC

distance

K4 RE3LLZET XLy hD AUC
Table 4 The AUC of each dataset using proposal 3

distance
dataset model

1 2 3 4 5

Weave 0.796 0.798 0.795 0.793 0.801
2Tv TS 0.766 0.767 0.765 0.769 0.772

HIV
—ix 0.799 0.798 0.803 0.799 0.807
—x 0.796 0.791 0.803 0.798 0.803
Weave 0.680 0.720 0.739 0.689 0.743
MUV A7y T 0.629 0.721 0.692  0.677 0.690
—iR 0.731  0.749 0.687  0.713 0.729
/4 0.752 0.742 0.713  0.722 0.702
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