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Empirical Evaluation of Feature Representations of Chemical Compounds for QSAR
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Quantitative Structure-Activity Relationship is a problem to predict its activity from chemical structure. In the
field of drug discovery, it is common to derive feature quantities using chemical knowledge. Otherwise, in the field
of computer science, machine learning methods for graphs have been proposed and applied to molecular graph
data. But the performance comparison across the two fields has not been sufficiently investigated. In this research,
machine learning approach using various feature representations is experimentally evaluated and discussed.
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2.1 Extended Connectivity Fingerprint
ECFP(Extended Connectivity Fingerprints)[Rogers 10]
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*1  http://www.affinity-science.com/_userdata/d7_desc_list.txt



ooooboooooobOoobOobDOobOoboOoOnDgBoost
00000000000 gSpan 000000 [Yan 02) 000
O0000gSpan 0O ODOOO0O0ODOOOOOODOCOOOO
gooooooooooooooooocoooooooooo
goooboboooooooboooooooooooooooon
gooboboooooooooooboooboboooooooooo
gooboooo

O0gSpan 000000000 DOOOOOCDOOGCDOODO
goooooooooooooboooooooooooooon
000000000000000000000000 gBoost
good

3.1 0OO0OOoooo
o0o00o00oOoooO0oo0ooOOoooOoboOooooDoooo
goooooooobooooooooocbooggooooo
gooooobooboo0ooooobboOoooooboOoooboo
goooooooobooooooooooooooooooo
0000000000000oooooooo0ooooon
00000o0oopoooooOo0dUbesedO0OoOOOOoOOoOoOO
goodoOo0obOo0obOO00obO0oOooOooboOooogn oO
00000000 0Ominsup0 O000D0OCOOOCOODOODO
00000 maxpat DO ODOO0OO0O0OOOmaxpat OO OO
0000000000000 0maxpat 0000000000
g0oooooooooooooooog
00000000000 0o00boDoO0OOminsupd000O0O0O
0000000000 O0Ominsup00000O0DCCOOODO
gooooooooCocoOooOoooooooboooooooo
jdddoooopoooooooDoDoOOOoOOoOoOooooooo
O000Ominsup 00000000 (DD0OODDOOO)DOO
00000oooooooooooooCocooOogoooooo
00000000000 maxpat DO O0O0O0000O0O0DODODO
O0o00ODO0OO0o0O00oO0oDOCODDOODOUOOmaxpat=7
0000 minsup=40030020015010 0 0 O Ominsup=10
000 maxpat=4,5000000000000000000
gooDoOoooooooooooooooog

3.2 gBoost

gBoost 100000 [Saigo 09| 000000 OOOOODO
0O LPBoost[Demiriz 02] D00 0000000000000
goo0obO0oob0ooooboobooboobooboOoon
0000000000000 00 Decision Stump(0D0 10
00oo0)b00o0o0o0ooUooUooUoUoUoUDUOUOOU
goooboobobooboobooooobobobooobobo
gbooboobooooboboooobooboooboooo
ooo

4. 0DO0O0OO

goooooooooooboobooooooooooDboo
000000000k-0000Random Forest[Breiman 01]0
XGBoost[Chen 16| 0000000000000 OOOOOO
0000000000 Linear 0 RBFOOOOOODOOOO
J00b000000D00D00D000D00OD0 Linear0O000O
000000000 Random Forest 0 XGBoost 00000
goboooboooooooooboooooooo

5. 0O

ubobooooboboobooooobo 40000000 5
ooooOoOO0O0O0o000ooO0ODO0000000 gBoost O

uo go DRAGON
ooo oooo gooo oooo oooo

NCI1 4252 26.3985 28.4860 3818

NCI41 3292 26.8404 28.9958 3818
NCI47 4202 26.3660 28.4557 3818
NCI81 5006 26.3865 28.5756 3818
NCI83 4766 26.8767 29.0289 3818
NCI123 6474 26.4203 28.5201 3818
NCI145 4076 26.4172 28.5063 3818
NCI220 578 25.4605 27.1292 3818
NCI330 4920 22.3108 23.7577 3818
Mutag 167 17.9305 19.7968 3837
CPDB 601 13.7750 14.2217 3837

0O 1.gb0oo0oooogon

gojddddoooggogoobobboboooboooooooog
ECFP2 00 DRAGONOOOD 300000000000
Jddd000o0oOooooooooooooooboboooa
00 maxpat=7 0000 minsup=400 300 200 150 10 0 1
O0Ominsup=1 0000 maxpat=4, 5000000000
Jdoodo0oobOO0oOobOooboOobO rooboOobobooog
goooboboboboobooooooooobbboobooog
(LR)OSVMO k-0 00 (kKNN)O Random ForestD) XGBoost
000oopooon gBoost OO DODODOODODODODDOODOO
goddooooooobooooboooobbobobooooog
oooooooooooooooooooooosvMooo
oooooooooo ¢ =Jo.1,1,10,100)00 000000
00 linear 0 RBFORBF OOOOODOOODODOOODOO
00 ~=101,001]000000k00000 0ODOOO Kk
=1[1,3,5,7,9] 000000 Random Forest 0 D00 OO0DO0O
00O n_estimators = [10,50,100,300|0 000000000
0000000000 max-features = [10,20,30,40] O O O
gdooooooobbbbobbbobboobobooogoga
scikit-learn 000000000000 O0ODOOOOOOOOO
000000000000 000000XGBoost O 400
000000000 DOO0DO0DbO0DbO00000 max_depth =
35,1000 00000000DO0O0O0O0OUOOODOOO
O subsample = [0.5,1] 000000000 colsample_bytree
:[0.570.7,1][|[||]DDDDDDDDDDDDDDDDDDD
0 min_child_weight = [1,3,5] 0000 gBoost 000000
00000000000 00000000 maxpat = 0.8,0.60
00000000 v =1[8,6,4,3,09 00000000

5.1 0OOO0O0O0OO

Oo0000 1000 130000000000000000
O0D00000000NCIxOO PubChem BioAssay O AID
00 x0000000000 0000000000000
O00000O000O0oOo0ooOoooooooooooOoo
O000o00o0o0oo0oooooooooooooooooo
O00000000oo0o0oUon (imbalance) DO OO
gjdoooooooooboobobobobbobobooooga
0000000000000 0D0D00D00DUOoOoDOooooO
ooo

5.2 0000000

gobooodooobooooooobooobo -bobooooboood
gbooooooooboooooooboboboobooboooo
0200 30000ogoooooooooooboooooon

x2  http://www.ncbi.nlm.nih.gov/pcassay



ooo

O00000000000000ONCIDOO0OOOOO RD-
Kit0OOOOODOO0OOO00oooO0Ooo0OOOMutag O CPDB
00000 DRAGONOODODOOOOOODOOOOOOoOoOQ
ooo0o0ooooDOoUooooooooooooooooog
J00D000DoDo0oooooNcCIDOgoooonoooon
00000ooooo 300000 650000000000000
000000000ooooO MutagD CPDBOOOOOO
0000000000000 00000000 Mutag 16700
CpDB6010000DOO0ODOOOOOOO NCIDOOOOO
g0o0o0ooOoOoOoDOoOoOo0oUoOoOo RDKitOoOOOOOOO
00000 DRAGONOODODOOOOOOOOOOOOOoQ
0000000ooo0ooDOO0o0ooooooooooooo
00000oooooooooooooooooo

O0000O0OO0O0O0O0ooooDoooo NCcIooooooo
0 Random Forest 0 0 Mutag 0 CPDB 00 XGBoost 000
gooooobobooooooobobobooooooooood
00000000000 00oo0ooooooooooogn
0000000oooooooooooooooooooooo
00000ooooooooooooooooooo

ooo0oopoUoUooooOouooooUoooooooooo
goodoboboooobobooooobooooooooooa
OOODRAGONOODOODOOOOOOOOOOOOOOOO
00o000000o0ooooooooooooooo o100
00000000O0oDoooOooOobDRAGONOODOOOOO
ooo0oooooooOooUooooooooOooooooog
0000o0o0o00OoDoooO0OOooocOoDbRAGONDOOO
00000000000 Random Forest 0 XGBoost 0 000
RBFOOOOOOODO SVMOOOOOOOOOOOOOOO
000000000000 0000000O00DORandom
Forest 0 XGBoost 000 0OOD0OOOOOOODOOOO 0,10
0000ooooooooooooooooo

00 gBoost U0 DOODOODOODOODOOODODODOO
00000000000000000000000o0ooon
gBoost 00000000 Decision Stump 0000000000
Decision Stump 00 0000000000000 OCOOOO
oooooOooooooOooUoloopoOoUUoOoooooog
oodoobooooooooboobobooooooooooad
0000000oooo0o0ooooooooooooooog
00000000ooDo0ooooooooooooooooog
oooood

000000000 oD00oo0ooo0o0oo0oO0dO min-
sup=10 maxpath 0000000000000 OCOOOODO
00000000000000000000000 Random
Forest 000000000000 0O00OOODOOOODOOODO
0000000000000 00000000 SVM(Linear) O
00 Random Forest 100000000 LR O SVM(Linear)
gooooooOoOoooooooodoooooooooog
00000000 ECFPODODOODOODOOOOODOOODO
000000000000 00000o0oooooooon
00000oo0oO0o0o0ooooOOoooooooooooooo
O00000Omaxpat=7T0000minsup 000000000
oooo300oooooooooooooooooooog
0000000000000 0000000000 [Wale 08]
oooooooooao

6. UUOODOgy

oooooooooooobooOooOobOOoOoOoCboOoOoOooooo
goooooooooobooooooooooooooooo
goooooooooooboooboboooooooooooo
goooooooooooboooooooooboooooooo
gobooooooooooobooooooboboooboooooo
goooooooooboobooboooooooooooooooo
ECFPOOO0OOO0OOOOODODOOOOOOOOOOODOOO
goboooooooobooobooboooooooboobbooooo
gooboooooooooooooooobobooooooo
goobooooooooooobooocooooooboooo
OO0O0O0O0000000O0OD00O gBoostDOODODOOOOO
gooooooooobooobooboooooooboboooooooo
gobooooboooooooooooboooon

7. OO0

0000 JspSO0O0O 26330242,16K13852 000 JST O
goboooobooobboooo

gooo

[Breiman 01] Breiman, L.: Random Forests,
Learning, Vol. 45, No. 1, pp. 5-32 (2001)

Machine

[Chen 16] Chen, T. and Guestrin, C.: XGBoost: A Scal-
able Tree Boosting System, in Proceedings of the 22nd
ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining, San Francisco, CA, USA,
August 13-17, 2016, pp. 785-794 (2016)

[Demiriz 02] Demiriz, A., Bennett, K. P., and Shawe-
Taylor, J.: Linear Programming Boosting via Column
Generation, Machine Learning, Vol. 46, No. 1-3, pp. 225—
254 (2002)

[Rogers 10] Rogers, D. and Hahn, M.: Extended-
Connectivity Fingerprints, Journal of Chemical Informa-
tion and Modeling, Vol. 50, No. 5, pp. 742-754 (2010)

[Saigo 09] Saigo, H., Nowozin, S., Kadowaki, T., Kudo, T.,
and Tsuda, K.: gBoost: a mathematical programming
approach to graph classification and regression, Machine
Learning, Vol. 75, No. 1, pp. 69-89 (2009)

[Wale 08] Wale, N., Watson, I. A., and Karypis, G.: Com-
parison of descriptor spaces for chemical compound re-
trieval and classification, Knowledge and Information
Systems, Vol. 14, No. 3, pp. 347-375 (2008)

[Yan 02] Yan, X. and Han, J.: gSpan: Graph-Based Sub-
structure Pattern Mining, in Proceedings of the 2002
IEEE International Conference on Data Mining (ICDM
2002), 9-12 December 2002, Maebashi City, Japan, pp.
721-724 (2002)



ooD:€ D

S60°0 680°0 680°0 | SL0°0 | L¥T°0 0000 6,00 160°0 G600 | 880°0 960°0 880°0 2200 980°0 6800 | 1600 ¢60°0 ¢60°0 060°0 as
80.L°0 ¥e8°0 0180 | 9290 $69°0 0000 90L°0 €¢8°0 1¢8°0 | 908°0 €08°0 GLL0 ¢SL'0 1€8°0 ¥08°0 | ¢6L°0 1€8°0 <080 €8L°0 Ay
8LL°0 068°0 0480 | 2290 | €990 €180 GvL0 606°0 GL8°0 | G880 | €990 €18°0 9¥L0 L8L°0 TL8°0 | 798°0 | 4680 1880 094°0 addd
0780 106°0 8880 | €880 | €990 €180 888°0 016°0 8680 | €880 | €990 €48°0 cL80 £€88°0 TL80 | #98°0 | 4680 1880 9.8°0 Semy
G¥8°0 ¢88°0 ¢98°0 | 0TL°0 Prg0 | MO WL, | 69L°0 G180 ¢88°0 | 8980 £€88°0 0280 ¢18°0 €980 888°0 | 6£8°0 G880 9480 L¥8°0 | OEEIDN
6L9°0 L4660 €750 | ©€99°0 | 1090 | MO WL, | 8ES'0 G490 €€G0 | 990 649°0 699°0 0¥4'0 gyao G690 | 619°0 | P890 6250 LTG0 | 0CCIDN
L3280 Sg¥8°0 9€8°0 | €89°0 | 6790 | MO PWILL | 9TL0 7¥8°0 TG8°0 | CE8'0 | €980 86L°0 LLL°0 LERO L98°0 | 928°0 | 698°0 cE80 €280 | SYTIDN
G9.°0 66.°0 98L°0 | €790 02G'0 | MO dwWLY, | €.9°0 96.°0 G080 | T8L°0 008°0 E€VL°0 ¥ELO 68L°0 8T8°0 | €LL°0 | 9180 LLL°0 LLL°0 | €CTION
VLL0 0180 26L°0 | 6790 G180 | MO PUWLL, | TL9°0 ¢18°0 GI8°0 | 008°0 818°0 €46L°0 GeL'0 ¥08°0 G280 | 89L°0 G180 8LL°0 ¥LL0 E€8IDN
608°0 7¥8°0 T80 | €990 9¥8'0 | MO dWLT, | ¥69°0 628°0 LE€8°0 | 0080 G¥8°0 9..°0 ¥LL°0 9€8°0 998°0 | L18°0 | 9780 608°0 808°0 T8ION
L6L°0 6¥8°0 CE8'0 | 8L9°0 | TG80 | MO PWILL | L69°0 8€8°0 cP80 | #E8'0 | G780 LLL°0 89.°0 8280 998°0 | TI8°0 | TS80 L18°0 608°0 LVIDN
6180 LER0 L¢80 | €990 ¢G8'0 | MO dWLL, | 069°0 cE8’0 ¢80 | LI8°0 | LERO 67,0 1720 0€8°0 S98°0 | 9180 ce8°0 ¢80 608°0 TVION
1€8°0 978°0 LE8°0 | 6,90 998°0 | MO PWLL, | L69°0 8¥8°0 0980 | 9€8°0 8480 98L°0 9.L°0 0780 898°0 | 9180 | 9980 9€8°0 ¢18°0 TIDN
3500g3 | 3s00gDHX Ad | NNY | (qgy) | (resury) gT | ¥sc0ddX A9 | NN | (ggy) | (vesury) YT | s00gDX A | NN | (ag9) | (seeury) a1 ey
INAS INAS INAS INAS INAS INAS
3s00(3 NODHVIA (NOHVYQ)Iutag 108utrg (1Y) yuLd 1e8urg
gboboooooooooooo e o

€VL0 T0L°0 Ge9'0 88L°0 98L°0 1€L°0 €890 109°0 9.0 g8L°0 dddO

1980 8180 7€8°0 6¢8°0 0680 g¥8'0 c08°0 8180 Ga8'0 0980 Seny

8€80 0180 ¢ceLO ¢88°0 6.8°0 6.L°0 81.L°0 8¢€9°0 L78°0 (430 0€ETION

G160 6250 1750 1€S°0 0140 6240 0160 9260 9740 6240 0cCION

9780 9€8°0 ¥6L°0 L4980 6780 2080 ¢8L°0 6890 0280 ¥6L°0 SVTIION

G6.L°0 €810 ceL'0 8080 €080 €6L°0 6¢L'0 ¥49°0 89.°0 yL'0 E€CTION

08°0 16L°0 T€L°0 G180 908°0 29270 6€L°0 699°0 ¢8L°0 16L°0 E€8ION

L€8°0 L¢80 9.0 0880 6€8°0 1080 G9.°0 1890 8180 88L°0 T8IDON

8¢80 [44:3Y) 98.L°0 8780 1¥8°0 G6.L°0 69L°0 7690 9080 18270 LVIDN

8¢8°0 €¢8°0 1LL°0 g¥8'0 ¥€8°0 1640 G9.°0 8690 908°0 clLL0 TPION

8¢80 0180 ceL0 880 6.0 6.L°0 81.L°0 8¢€9°0 LV8°0 ¢E80 TION

ordnsurur | ggdnsurr | gpdnsurua | gyedxewr | pyedxewr | grdnsura | ggdnsura | gpdnsurm ¢redxewn predxewr eje(

(L yedxew) 1y

(1 dnsurw) 14

(2 yedxewr)resur] INAS

| (1 dnsup)eour] WAS




