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Growth in Capitalized R&D Costs
per Approved New Compound
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Sources: 1970s, Hansen (1979); 1980s, DiMasi et al. (1991); 1990s-earl ly 2000s, DiMasi et

al. (2003); 2000s-early 2010s, Current Study
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[EMEDIRETDH D Trypanosoma cruzi -

(T cruzi) IC& > TR ZTREZ SN 25 RREYE s

— KEBEIBCHEXG EDRK 20 " ETEEAR K ’
FIml
—#91500 FADBE L TWAERBEL SN TWL

(2) :
éSchmunis G.A., Yadon Z.E., Acta. Trop., 2010, 115, 14-21. Trypanosoma cruzi

2) World Health Organization(TDR / GTC /09 2007) Reporte sobre la enfermedad de Chagas. Grupo de
trabajo cientfico. Ginebra: World Health Organization.
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Docking > = 2 L—3 3 >~ R

Docking Z 1T &1 % Ligand
DHFILZEIETEL. Grid Z4ERL

¢
A P

17 X

AN ~§ S N
Yzﬁc/ Y X
Docking Z4T21E &Y _ VN
DREEZ4Esg2 EELZGdIZ %

¥LT Docking  A—A*w NER (3T

Docking Score ! Docking Score THE1& % 511

AGbind = Clipo-lipo Zf(rlr) t Chbond - neutral - neutral 2 g(Ar) h(AOL) t
Chbond - neutral - charged 2 g(Ar) h(AOL) +
Chbond - charged - charged % g(Ar) h(AOL) +

Cmax— metal - ion Zf(rlm) + Crothrotb + Cpolar—phob Vpolar—phob +

Ceoul Ecout T Cugw Eyqw + SOlvation terms

coul =coul

1) Richard A. F., Jay L. B., et al., J. Med. Chem. 2004, 47, 1739-1749
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T. cruzi spermidine synthase PDB ID : 3BWC
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in silico = J=h HEmBA=
in silico >21L—232L2O7YEAHER

rule of 55 TRINIAH

TSUBAMEZHUZin silicoCTst&LU.

J\A A7V A TEIRICBBEFRENBDDE - '
WEERSINIALEID |\‘J—'-LF//]:E N fok B3 Jo At i A
/i.? li%%’ﬂté\% &
T;%"’IE’\JE HE R DOE G = R

R. Yoshino et al., In silico, in vitro, X-ray crystallography, and integrated strategies for PDBID:5B15
discovering spermidine synthase inhibitors for Chagas disease DOI:10.1038/s41598-017-06411-9
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Visual Inspection I 5

ML £, visual inspection|ZCNN(Convolutional Neural Network)?”

EAWSFEMNRARESA TS
OV )—bDEHE =L N1) YA/

Onginal Image True Labels Classifier output Sepmenter +Classifier

*Alex K. et al., 2012.
*V. Hoskere. et al.,, 2017.
*https://tech.nikkeibp.co.jp/it/atcl/column/14/346926/122501258/
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B[R4 Y 3D circular augmentation

Algorithm 2 3D sphere augmentation
Require: angles > 0

for i <= 0 to angles — 1 do

X « 360 x1

angles

for j < 0 to angles — 1 do

Y «— 360 x 7

angles

(X,Y) DJ5E 0o MR
end for

end for
AT av: KEBEHRARTOEE

498 angles=7
81#¢: angles=9

- BB r. X—LIXE R DB INYEITERET DR EH L
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GradCam
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k
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Selvaraju, R R. et al., 2016.
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EF1%
protein | sphere_81 sphere_H 81 | Glide
aktl 53 50.4 10.3
ampc 37.5 37.5 6.1
cp3ad 12.4 12.4 6
cxcrd 50.4 58.8 14.7
ger 56.6 43.4 20.9
hivpr 54.5 52.6 17.8
hivrt 49 46.8 20.4
kifll 56 56 44.8
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SIEVE-Score (Similarity of Interaction Energy Vector-Score)
EREDRT I/ BARESICEYEOMEAEIER
Iz\fl/ﬂe DEZBEERY bLE L THWTENT 2
(UBHEBEFI T 7L F — R 7 bl ERER)

WHE : (a9 EET S BREMOREERTI L -

77TV =LA, BEHEAEER. KEHEDIDICHEE
RITE I 3X(Fy x> 7ICBEET 2ERER

=¥ 5% : Random Forest

Residue:54
Hbond
Energy: -4.80
Residue:153
Hbond
Energy: -2.15
Residue 54 54 54 124 153
Type Hbond vdW Coulomb ... vdW ... Hbond ...
Compound 1 | -4.80 -0.93 0.00 .. -136 .. -215 ..
Compound 2 | -2.95 0.04 0.00 ... -162 ... -239 ..
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SIEVE-Score
0.08 ®

0.91 @
0.75 @

cod No.] PIOL [ PIOL | PI0I ® ® o
P | ovdW Coul hbond
1 | -015 | -3.1 0 ® B
2 | 25 | 40 | 003 |77

0.'0®

3 28 | 25 | -0.03 o . ©
Protein-ligand Interaction Prediction by

. cnergy vectors
docking extraction Random Forest

Re-ranking
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ABSTRACT: Virtual screening is a promising method for obtaining novel hit compounds in drug discovery. It aims to enrich
potentially active compounds from a large chemical library for further biological experiments. However, the accuracy of current
virtual screening methods is insufficient. In this study, we develop a new virtual screening method named Similarity of
Interaction Energy VEctor Score (SIEVE-Score), in which protein—ligand interaction energies are extracted to represent
docking poses for machine learning. SIEVE-Score offers substantial improvements compared to other state-of-the-art virtual
screening methods, namely, other machine-learning-based scoring functions, interaction fingerprints, and docking software, for
the enrichment factor 1% results on the Directory of Useful Decoys, Enhanced (DUD-E). The screening results are also human-
interpretable in the form of important interactions for distinguishing between active and inactive compounds. The source code
is available at https://github.com/sekijima-lab/STEVE-Score.

B INTRODUCTION
The demand for computer-aided drug discovery has been

rapidly increasing since the average cost per new drug
developed reached 2.6 billion dollars.' To find active
compounds for target proteins, high-throughput screening
has been used for the screening of chemical libraries.”
However, the cost of such compound screening can be
drastically reduced if the compound libraries can be effectively
filtered.

Virtual screening is a method of key importance for
decreasing the cost and increasing the hit rate of screening.*
In virtual screening, compounds are computationally filtered
out by their predicted activities, and the compounds identified
as promising candidates are designated for evaluation through
biological experiments. Recently, competitive virtual screening
contests have been also held, such as in silico drug discovery
contest, to evaluate varous virtual screening methods for
specific target molecules in practical situations.™

Methods of virtual screening can be categorized into two
types, namely, structure-based virtual screening (SBVS) and
ligand-based virtual screening (LBVS). The structures of target
proteins are used in SBVS,” while information on known
inhibitors is used in LBVS.”

© 2019 American Chemical Society
< ACS Publications

One widely used method in SBVS is protein—ligand
docking, which simulates protein—ligand binding based on
the interaction energy. Many applications exist for protein—
ligand docking, such as DOCK,'*" Glide,"”* GOLD,"” and
AutoDock Vina.'"¥ In each of these apphcahuns, thc algunthm
starts by generating ligand conf and sub
optimizes their orientations and angles to minimize their
binding energies with the target protein using a scoring
function. The results are the coordinates of the atoms in the
ligand and the corresponding interaction energy as the
“docking score”. In basic docking-based virtual screening,
compounds are ranked by their docking scores.

One advantage of SBVS is that novel compounds are more
likely to be obtained than they are in LBVS.” This is because
SBVS is based on physical interactions, while LBVS is based on
the similarity/dissimilarity of known active/inactive com-
pounds. Another advantage is the ability to perform interaction
analysis using the docked structures, which provides knowl-
edge of protein—ligand binding'* to understand the affinity'®
and selectivity'”'® of the compounds. These analyses can also

Special Issue: Machine Learning in Drug Discovery
Received: October 1, 2018
Published: February 26, 2019

DOI:10.1021facs jeim 8500673
). Chem. Inf Modé. 2019, 59, 1050-1061

Nobuaki Yasuo, and Masakazu Sekijima, J. Chem. Inf. Model., 2019, 59 (3), pp 1050-1061

DOI: 10.1021/acs.jcim.8b00673



1.0

0.8

o
o

True Positive Rate
I
B~

0.2

0.0

1.0

0.8

o
o

o
=

True Positive Rate

0.2

0.0

SIEVE-Score fold 0 (AUC = 0.918)
SIEVE-Score fold 1 (AUC = 0.899)
SIEVE-Score fold 2 (AUC = 0.913)
SIEVE-Score fold 3 (AUC = 0.894)

SIEVE-Score fold 4 (AUC = 0.861) ||

Glide SP (AUC = 0.638)
Random
Mean (AUC = 0.89)

0.6 0.8 1.0

Fa.lse Positive Rate

I - =

SIEVE-Score fold 0 (AUC = 0.741)

SIEVE-Score fold 1 (AUC = 0.662) | |

SIEVE-Score fold 2 (AUC = 0.688)
SIEVE-Score fold 3 (AUC = 0.689)
SIEVE-Score fold 4 (AUC = 0.682)
Glide SP (AUC = 0.661)

Random

Mean (AUC = 0.69)

0.0 0.2 0.4

0.6 0.8 1.0

False Positive Rate

&18. Glide sSP F %Ml =

New Technology Presentation Meetings!

345 SIEVE-Score, 5-fold

B SR 5-fold D15

1.0 v gl
/ f/F T
0.8 — / / 1
3
& 0.6 1
E — SIEVE-Score fold 0 (AUC = 0.765)
t 0.4} — SIEVE-Score fold 1 (AUC = 0.808) ||
é ! —— SIEVE-Score fold 2 (AUC = 0.962)
— SIEVE-Score fold 3 (AUC = 0.880)
ozl — SIEVE-Score fold 4 (AUC = 0.800) ||
Glide SP (AUC = 0.848)
|| Random
ool | - - Mean (AUC = 0.84) J
0.0 0.2 3 0.6 0.8 10
False Positive Rate
1.0} B
08f B
B
Z 06} i
¢
E : — SIEVE-Score fold 0 (AUC = 0.966)
0.4l — SIEVE-Score fold 1 {AUC = 1.000) ||
»g : — SIEVE-Score fold 2 (AUC = 0.963)
—— SIEVE-Score fold 3 (AUC = 0.955)
02l — SIEVE-Score fold 4 (AUC = 0.961) ||
Glide SP (AUC = 0.880)
: Random
ook ¢ - - Mean (AUC = 0.97) J
O.IO 0.|2 0.‘4 Cr.|6 0.|8 1.|0

False Positive Rate

19



HIBHF DM D £ & &

o BUSRNEE L DHEIFFIRICE DU in silicoF 1 E D B

e AT 4TSI IR (BIEEE) OBEKET 3
BT 0 B R

e FyXx I T2l —arvhnITRIILF—RT KL
ZiHHE L., BERMEE T ELHAE

e AXT A FTIFRELTWLWAWA, ERABEYHV K
DFEEREE % BE3DCNN TCEE 4 A2 1T F B0l g8

o FEE3EFMIIEENENTILT D H DT, BWIZ/ILL
TEWDIT S Z & T, NELEIEMIE A 7] ge




Sz

AL
153

/Ir
/
>,
do
E

+

it

% Fs 2E

e
"
-
]
=
et

B

« BIEDFHERA & FE 2 T\ BB (T (L,
AENOEBEANEE B HNS

21



RPN IZ

« FERH D Z TR

1B&E D H 5
« HEAE =

« HEEA
« FARFE

=9 5 MBI ENE

AR eYERE. 1L
HIERS . B0 HhlasFExE. 1LIK
7 L

ENESE

aFEaERNTOY
. #5FE2019-015086

I R

ERF

D BIGEH., KEX. ZEER




EEWEHE

HRTEAY
T - FE AT
TEL 03—-5734-2445

FAX 03-5734-2482
E-mail sangaku@sangaku.titech.ac.jp

23



	創薬の専門家の目を代替する�AIの開発とその応用
	スマート創薬が必要な社会的背景
	スマート創薬とは
	技術の背景：�顧みられない熱帯病治療薬探索
	スライド番号 5
	タンパク質と薬候補化合物の関係は�鍵と鍵穴の関係
	スライド番号 7
	スライド番号 8
	in silico シミュレーションとそのアッセイ結果 
	この研究から明らかになったこと
	Visual Inspectionの応用例
	本技術のポイント
	画像生成 3D circular augmentation
	活性に影響した部分を評価可能に
	本技術の性能
	関嶋研のその他の創薬関する技術
	提案手法のフロー
	スライド番号 18
	結果：ROC曲線
	関嶋研の技術のまとめ
	企業への期待
	本技術に関する知的財産権
	お問い合わせ先

