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Al 2 A Graph neural network for molecular graph

Graph neural network[12]¥ Graph & Z A # ¢l Qe o7 3=
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FAo] 7hgdty B =qod e A shvE syl g
g-5317] wlitol graph level ] GNN #+& t}&Et}, B =&
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2.3 Attention
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Molecular fingerprint & A= substrucutre & W50 £x2}9]
T %% encoding 3t= W2l o|t}. Molecular fingerprint +
Z] &-o| &= chemical database ©|A] substructure searching <
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T Ao F2A FAIEE SAY 7 IS o] &3l chemical
analysis 9| %= AFEE 7] Al ZF3ITH 17, 18, 19, 20].
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28719 shuld] FHEAI7IE Zhe fUlES Sedy 4ol
3 2o gigk gaevt & AAAS e TS slo| =S A=
T4 Aol 7k o] EHoln 53 S W] el
Eo| %7] Aok



0

(o

O]ﬂ‘jé S48 dia 54 2E717F 484 9S st
57 ok aga old 87 GNN & &3

AA| T 274% 75 A o) flngerprmt Oﬂfﬂ He AHzxoz Z
xdE & Al GNN & &3l &2k dAAd =
&5 ot ar flngerprm = &3l 2879 EA4 AFE B
AxAow g5 ¢ 94 ]“410}7] o - o] o}
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structural fingerprint ¢} hashed fingerprint & o] It}
Structural fingerprint & At A [28 8]} o] ¢
540 F88tta AAAE v FogE 54 259 A
qR=Z WEZ FdILh 7 bit 2 FAEE S HEV} 1Y
A9 TR} J—Zﬂﬂ% =3k}, Hashed fingerprint & 72 & ol
substructure < AF&3IA] &1 BxE AH Edjsit. 54
g Fol wel FAE 7}L5} zx7}t 9] ;S%LQE Z7At, el ar
A% 7 222 hash #54F B (2% ] A9 fixed-
vector & 1A 2 dI-GAA FTAISTE e 2oje duFFoRe
path—based fingerprint ¢} circular fingerprint 7} ) t}. Hashed
fingerprint & 574 &&= H|EV} 54 7lsAo] S5t
GHS Zra o webA vector o A71E A Al DA s
o] T8ttt

Path-based fingerprint = [1¥ 9]¢} 79| path 7]+S
threshold path ¢]s}9] =& 3¢S 3+ F hash -5 &3 H
We 2 g8t} [ 9]= OC=CN 9] path-based
fingerprint & T3}7] 93 substructure 2] Hg<] o Aot}
nl x| 2k o & circular fingerprint & [1¥ 10]3% #o] iteration
H2 A48 Y7l 54 iteration ol =g€stH TR
Circular fingerprint &= path—-based fingerprint & 7+4 3}
HAolgta Azte 4= 9lt}. kX9 path-based fingerprint 7}
circular fingerprint ¢ subgraph & FHT} 7] wjFol A
g g3 HHE e W SES 4o gEo sue 9=
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o]& A Molecular graph ¢ substructure & Z7l¢] vector &
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A 1 A GCN with attention

1.1 Feature matrix

olx] A 3l=o] GCN Al Reo| A molecular graph &
Ao ALg37] 94+ adjacency matrix & Y=} feature
matrix 7} Z 83}t B Ao A= 5 71A] feature & AFE3ITE

1. 92 F7

2. A4H A= dA

3. AAH] = Fie F

4. ¥A7Hvalence)

5. W&FHA AF
Ao T dubAom Ao EAe= 40 7HA dass
33, Azt AAE = AR F, T, Ak
Z}

ZF OFH 5 0%H 4,058 57-A9 #ts zed e
feature + one-hot encoding W2 AMg3l o Z+7}F 40
1 A7]52 ZF 58 A7]9 feature vector & AF&3IT}.

Lo o r AREet7] #lélA+= matrix 2] shape ©]
g EojoF st} weEkA atom o FE A oF 3} 7+
2] atom o F7F A FET AAH HolE e E40]
gk, 28] al atom o 7F 1A E R A Agoe

0 &% padding & 3=t webA dHolgAls 2 dpotstal A4
atom & & Z A3 Fojorgtt. # AFtol A= oy Al
SAlstE A2 ol 7Y 2 SAE HdgA=E Ao
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B =R 4 GAT o) 4 AF& 8 attention AH8817] 2
251914 At BA B4 dZolq FL A4S nyd

t}8-9] attention = A& 3T}

—

l l l
af = o((H W®) cOHS wOY)

4 oA &3 AFo| A attention o] WE A3}E v
A8t HF:Ho g [25]A oA Aerst attention & A )&l
ARE3ITh 3k multi-head attention = -3 ¥ T},

A 2 A Molecular fingerpint

B oA = 3 7Fx19 Al fingerprint & Td 3L
A3t} 3 7}A] fingerprint = MACCS keys, Daylight-like,
ECFP & Z}7Z} structural fingerprint, path—based fingerprint,
circular fingerprint & W3 <aglFo|t}.

MACCS keys & 7% 166 =719 #E7} =¥t} Daylight-
like fingerprint & ECFP fingerprint ] 4% #Wgeo] a7+
ARSI AASE 7 o E AFelA = 1024 & ARE-EIT
Fingerprint &7l W& A3 235 4734 43 2 F7kelA
LERS =

A 3d=Ed

AAAQ o] Fx= [29H 1113 2} 222 Molecular
graph & 83+ HE3 fingerprint & 83+ FEo=w

o] Fo]zlt}, SMILES & #+A % dataset S adjacency matrix <}
feature vector & ¥ 3Fslth, 1¥] 3 Attention S A -8€3F GCN
block ¥} Readout = &3l 64 Z7]¢] HHZ Az}, FA]9
SMILES < fingerprint & ¥ 3} & embedding layer & A* 32
A71¢] W= lzagstt. npxete s F WEHE MLP & &3

-
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label & o|=3kt}. Loss function &2 mae(mean absolute
error)= AFE3131 adam optimizer = AF& 3T}

SMILES

GCN with attention

Adjacency matrix,
Node Feature vector

l Fingerprint

GCN with attention

|

GCN with attention v

[ 16] m9o] AAHe F=
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Al 473 A9 R B3I}

A F 47145 &), 2 23S GCN with attention
block ¢] o W& A5, attention o W& X5 H|iL, fingerprint
=5 wE A% H]3, Graph baseline E3¢] vl = A F )

A 14 dlo]y Al

HolHAS e Aol A 7 wol AREH AT ZINC[26],
QM9[27] 12]al CEP[28] dataset & AF&-3th. ZINC

dolg Aol A 100K =719 HolHE dFo 2 F=3)4 logP,
TPSA, SAS & d53ate vl A4S Pk QM9 dlolH A9
A9 50K =719 dHolgE ddoz F=3] Mu(Dipole moment),
alpha(Isotropic polarizability), homo(Energy of Highest
occupied molecular orbital), G(Free energy at 298.15 K),
H(Enthalpy at 298.15 K)& 453t vl A3 g
mxuto 2 CEP dlolgMelA PVE & oSats 23S 133

Dataset ZINC QM9 CEP

Size 230M(100K) 133K (50K) 30K

Label LogP, TPSA, SAS | Mu, alpha, homo, G, H | PVE
[ 1] AF&-gF dlo]EAl

BE A ved 22 &AM IFH AT

Os Ubuntu 20.04 LTS

CPU AMD Ryzen 9 5900X 12-Core Processor
GPU GeForce RTX 3060

Memory 32G

T ™ 13 y [T
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3.1. GCN with attention block

AWM A 2 GCN with attention block & = 1 58 5 714

v 7 A A8 A QM9 dataset ol A= alpha 3 mu,
CEP oA PVE, ZINC oA TPSA 2 A&}, [Z18 12]04 &
4 9d50], GCN with attention block ©] Eo]d+= A5 o=
o]l FolHT SHAINE 4 E Holr7bHA & WU gl
23y Asol AstE = HEEFS BT wEbA baseline 2]
Hl o A= 4 7]¢] block = ARE-3T}

0.7 1

06 1

0.4 1 —®— QM9 _alpha
*- OQM9_MU
~®— CEP_PVE
0.3 { —® ZINC_TPSA

1 2 3 < 5
Num of GCN with attention block

[1¥ 17] GCN with attention block o W& A% v

3.2 Attention

GAT ol =39 attention coefficient &F - o4 A3+
attention coefficient = AF&31A vl gt [Z17] 13]oA &gt
T 9ol B Ao A AFE3F attention coefficient ©] 21 of A
AU "3 TS e Aoz gost 4= i)

18 = A&t &



Attention

0.6 GAT attention
OURS

0.1

0.0

QM9 _alpha QM9 MU CEP_PVE ZINC_TPSA
[Z2¥ 18] Attention o W& A5 WL

3.3 Fingerprint

7} 7} structural fingerprint, path—based fingerprint, circular
fingerprint ] EA<Q +d Larzg]F2e MACCS keys,
Daylight-like, ECFP < E%]Oﬂ AL AP 1 e vlae
(728 1419} 2t} Fingerprint = AFE- S o] AFE-SHA] &S
el Bls] oF 10%<] 45 /el AU} Fingerprint &<l
2 Ay Ao A= ECFP 7 7 £2 Ad%5& WA structural
fingerprint 7} 7F¢ A5 o] ¥kttt MACCS & predefined
feature 5 AFES=H 21 feature W A}JC—’L;PE AR O
‘4"*5} feature 55 AF&3h= Zo] Ao =R €& & F
At} ©, ZINC_TPSA A3 oA+ Structural fingerprint 7} 7+
£l XHFS B o 1y o, structural fingerprint ol A
gl Aeolg substructureg‘r Oﬂzﬁh_x} = A 540 4
Aol = AS M AEe avE W ¢y T 4
At} 12]al Daylight-like 2o+ ECFP4 7} U2 A3 & U=
AL HYS u, Be subgraph S THsE AKX A3
threshold & ++ Z©] molecular property prediction I
_Q—J/]'Z_—IICI):]!E Sy ”}F‘ }}]\
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Finaerprint

0.7

0.6

0.5

0.4

mae

0.3

0.2

0.1

QM9 _alpha

[

2

=

QM9_MU

CEP_PVE

19] Fingerprint &l W& % H]

- without fingerprint

Structural
Path-based
Circular

ZINC_TPSA

ol

3.4 Baselines 3} H] 1L

B Ao = F 6 714 baseline 23 A5 (mae)S B 13T}

Baseline & 7} 4g¢ ’V\O]”’ 21+ GCN 3} GAT. GCN 2

GAT ol 42} gate 9] /W@S 718+ gated-GCN 3} gated-GAT,
Graph Hlo]E]ol| 4] RNN 7]4F 2 21¢] baseline & AFEH+=
GGNN, #tdojxg] 79k m&Ql SMILES-BERT & -4 €t}
2E 23L& learning rate 0.001, 500 epoch & X35t} »E&

A 5y wEse] WEe 4R,
QM9_alpha QM9_mu QM9_homo | QM9_G QM9_H
GCN 0.740 0.701 0.114 0.056 0.078
GAT 0.701 0.620 0.041 0.049 0.059
Gated-GCN 0.739 0.579 0.068 0.039 0.063
Gated-GAT 0.688 0.564 0.058 0.089 0.066
GGNN 0.721 0.611 0.055 0.071 0.063
SMILES-BERT | 0.708 0.634 0.099 0.092 0.089
Our method 0.615 0.555 0.054 0.058 0.049
a4 (] £
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[3% 3] QM9 Dataset o] 3t As vl

CEP_PVE ZINC_TPSA ZINC_lopP ZINC_SAS
GCN 0.690 0.394 0.072 0.059
GAT 0.598 0.294 0.066 0.049
Gated-GCN 0.610 0.324 0.038 0.051
Gated-GAT 0.580 0.274 0.052 0.079
GGNN 0.707 0.421 0.071 0.045
SMILES- 0.682 0.446 0.050 0.049
BERT
Our method 0.512 0.290 0.048 0.038

[ 4] CEP, ZINC Dataset o W3+ A5 vl
2 AFte] Edlo] F 97149 A3 = alpha, mu, H, PVE,
SAS & oS3t /‘]6401]7\1 M £ Aes BEQth 9 Bl
Pd F GAT Edo] B Ao 2dy} flngerprmt A <] s
7HE AR A AR HluE @ 5 e HE 2 A9E

WA 23 4714 AR S 27HA AFA GAT BHY £& Hoo
w3l

HOMO ¢} G ¢} #o] 54 pr
e 1 oolf+ v Zo
Z ApolA 2 fingerprint AFE ol oA AW 3 A} o] &
Rdlo| A fingerprint & AFET O EA 7ot vl 2-8-7] 9
A AF-E ¢ AHA R SEehe Aottt gt A
570] 2870 FFs Bol 7] wjol Fingerprint & GNN 2}
g7 Algdto Zx Rdo] r ]i% 25 = AS B vk
oyl Ao EAES 87| drde] A7) el
fingerprint & 37 AFEES W) AF5o] ottt 5T
Atk AAZ HOMO & G &= 5748 39 dux|et #as
S0l A&7|Hokes FAe AFFoluy HdA|HQ Fxdd F¥F=
vk 7hsAd ol & 4 Atk chemical ok ATFAF] 9] o]
A AT

operty oM Ad A3l £X
| 5 & Ak 2dE9] 7MY

&
&
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2 ErolAeE 2l 22 54 458 fg a9z wY
HEY IS Aorsitt SMILES & FA ¥ dlolEAlS Graph 9}
fingerprint & W0 £AS Fof Ao 2 ?Loﬂ/‘i A&
292 Graph convolutional network 7]WFe] X lof attention =
83k Fdlo] Attention coefficient & A} 54 o 59
Esly rlo g Aot aga FEU|E F3sH7] sl
F7Fq 2% fingerprint & A& o™ GNN ¥} Agsto] 4t
545 53t

‘E?X} 54 A5 AFolA &A= 2hol= dataset T
baseline & &34 A&S gt} Molecular property
prediction © % %3} attention ¥ fingerprint = H| L £A131 11
o]& 283t EEly Baseline & Hlu S o, 9 71| e] Aol A
5719 AgolA 7};‘* T2 A4S B 32 EE AFAME
competitive 3k, A 5S HT}

3t 71A] o} A 8, fingerprint 282 93] GCN with
attention & Z3f = #HE e MLP S %53df w3 Assls=
2 245 vt AHoltt Fingerprint + subgraph 9
Hgolgta & ')F d=d], o] GCN with attention ¥ & T
71 o2 AR = = ofojtolrt QoW ¢ £ Hdo] °
Zlolgtal Azt & AGE P ool
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Abstract

Graph Neural Network for Prediction of
Molecular Properties Using Attention and
Fingerprint

Jaeheon Jung
Computer science and Engineering

The Graduate School

Seoul National University

In the development of new drugs, machine learning has been
utilized in several fields, including molecular generation and
molecular property prediction. In particular, molecular property
prediction plays an important role in the field of drug
discovery. By selecting the drugs that are expected to have the
necessary properties of the new drug and filtering the drugs
that are expected to not, the entire process can be greatly
accelerated in a faster and cheaper way. Considering that the
average cost of new drug development is currently estimated
to be about $2.8 billion, we can feel how important it is to
reduce trial and error through molecular characteristic
prediction.

Traditionally, molecular properties have been predicted
through fingerprints that analyzed subgraphs, hand—engineered
features based on physical rules, and DFT (Density Functional
Theory). However, Al has recently made remarkable progress
in various fields. In molecular characteristic prediction, there
have been many attempts to predict molecular characteristics
through deep learning and have produced better results than
conventional methods. In particular, many studies have shown
that Graph neural network—based models are effective.
Molecules are made up of bonds between atoms because they
can be well expressed in vertex and edge on a graph.

¥ % [ 13
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This study analyzes existing molecular characteristic prediction
strategies and proposes new strategies. As for the attention
that 1s actively used in various fields such as natural language
processing, the attention suitable for the molecular property
prediction task is analyzed and applied to the graph natural
network. And we use fingerprint to take advantage of the fact
that functional groups are generally related to the properties of
molecules. In this study, the type of fingerprint is analyzed and
used in combination with a graph natural network, and
compared and analyzed through experiments.

Through experiments using various datasets, it is observed that
the analysis strategy proposed in this study showed
competitive results compared to baseline models.

Keywords : molecular property prediction, deep learning, drug
discovery, graph neural network, attention, fingerprint
Student Number : 2020-25719
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