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AOP

Adverse Outcome Pathway

Toxicant

Chemical -

Macro-Molecular

Interactions

Receptor/Ligand
interaction

DNA Binding
Oxidation

Cellular
Responses

Organ
Responses

Gene
activation
Protein
production
Altered
signaling
Protein
depletion

Altered
physiology
Disrupted

homeostasis
Altered tissue
development

or function

Y
Toxicity Pathway

Organism
Responses
Lethality
Impaired
development

Impaired
reproduction
Cancer

Population
Responses

Structure
Recruitment
Extinction

Ankley GT, et al., Environ Toxicol Chem. 2010 Mar;29(3):730-41.




AOP

Adverse Outcome Pathway
\

Macro-Molecular Organism
Toxicant Interactions Responses
Chemical Receptor/Ligand Lethality
Properties interaction Impaired
DNA Binding development
Oxidation Impaired
Reproduction
Cancer

e Nuclear receptor
o Stress response pathway



Toxicology in the 21st Century (Tox21)
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Tox21-AOPs
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AhR
AP-1
AR
ARE
Aromatase
ATAD5S
CAR
ERa
ERR
ERstress
FXR
GR
H2AX
HIF-1
HSR
MMP
NFkB
p53
PGC
PPARd
PPARg
RAR
RORg
RXR
TR
TSHR
VDR

Aryl hydrocarbon receptor

Activating protein-1

Androgen receptor

Antioxidant response element

Aromatase

ATPase family AAA domain-containing protein 5
Constitutive androstane receptor

Estrogen receptor alpha

Estrogen related receptor

Endoplasmic reticulum stress

Farnesoid X receptor

Glucocorticoid receptor

Histone H2A .x

Hypoxia Inducible Factor-1

Heat shock response element

Mitochondrial membrane potential

Nuclear factor-kappa B

p53

Pleiotropic PPARgamma coactivator

Peroxisome proliferator-activated receptor delta
Peroxisome proliferator-activated receptor gamm:
Retinoic acid receptor

Retinoic acid receptor-related orphan receptor
Retinoid X receptor

Thyroid hormone receptor

Thyroid stimulating hormone receptor

Vitamin D receptor

dsbDNA damage Stalled replication forks
srf DNA damage DNA double-strand breaks
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Relationship among

Compounds, AOPs and Adverse Effects
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Pathway (AOP)
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Machine Learning Activation / Inhibition
Descriptor . S
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Relationship among

Compounds, AOPs and Adverse Effects

JADER"FAERS

Adverse Outcome Pathway (AOP) Adverse
Effect

Compound

Hepatopathy

PPAR - - > Nephropathy

~ -
- <
- ~
~

p53 Ll N Dermopathy

¥
\\A
Odds Ratio, P value

Machine Learning .
Prediction Model

Activation / Inhibition
Score

Machine Learning
Prediction Model
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Relationship among
Compounds, AOPs and Adverse Effects

JADER

Compound Adverse Outcome Pathway (A()P) Adverse
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NIH-Tox21 DATA Challenge 2014 (A S RN T A)

National Center

for Advancing Tox21 Data Challenge 2014 % teon

Translational Sciences

» Home About Registration Data/Resources Submissions Discussion Leaderboard 4% Contact Us

A
Tox)] '

I___Tj Open call ends: November 14, 2014

The 2014 Tox21 data challenge is designed to help

All challenge winners
will receive the opportunity to submit a

scientists understand the potential of the chemicals and paper for publication in a special
compounds being tested through the Toxicology in the thematic issue of Frontiers in Environmental
21st Century initiative to disrupt biological pathways in Science and recognition on the NCATS website
ways that may result in toxic effects. and via social media.

The goal of the challenge is to "crowdsource” data

analysis by independent researchers to reveal how well

they can predict compounds’ interference in biochemical Key Dates ©

pathways using only chemical structure data. The

computational models produced from the Challenge August 18, 2014

could become decision-making tools for government NCATS begins accepting submissions
agencies in determining which environmental chemicals

NCATS will provide assay activity data and chemical
structures on the Tox21 collection of ~10,000
compounds (Tox21 10K). A collection of compounds




Tox21 DATA Challenge 2014

=

> Tox210)

% .

& HESHFIMEREREN SO E T D T

> BIRFRCTEDEED T RN RETHLM ?

> Tox21 10K{IE EWMSA4 TS )—4&EAL=-E%F 80
RT3 AT

> NIHEALEEN S AL—oa3F LB R 54—
(NCATS)AV$H 24



FIEE
{Eﬁsﬁ% N Ao
*yj”{ 1779

et

THER

[Tonl 10K SA TS5 —

SR EME }% Ei
10,0005 %8

W

i BRI T
TR, IR,

RF/HEEH. TDH

3

SmnE
{&l

SE BB

4 r2JLESHTS )
ARyrEAL:
BEE7YEAIZLD
BRZEE- AR
BN A%t

\fd'éﬁﬁmﬁsd)?iliﬁlﬁ )

1

X’&W-’?—"E/

-

ZHDILSHOMELEEEEDM
q [SRILT AL —IVEBESHT )

FRETIV

~




E B RIEE A 1E1E RS

uantitative “tructure—/ ctivity ~elationship (

Biological Activity
@qf * Inhibitory effect

H . * Binding affinity
*{‘W‘“ Experiment EC50

IC50
&) etc...

=
°

Computational
calculation
Descriptor
EfRpUL .
e Prediction model
2.5 1
i e 2.0 ’
Structural/physicoch | s £ :
emical properties el E" o3
 Molecular weight « Machine @ 10 .o
« Lipophilicity learning 35 o5 .
e Fragment Y e —
etc-“ 00 05 1.0 1.5 20 25
Predicted




Tox21 Data Challenge 2014(ZH (T3
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AT} NR-ER-LBD

Team Name Rank AUC-ROC Curve

"!’ microsomes 0.82732759

Bioinf@JKU 2 0.81439655 l.

Bioinf@JKU-ensemble4 3 0.80737069 ; -
Bioinf@JKU-ensemble3 4 0.80737069 ‘[: -
AMAZIZ 5 0.8062931 i :
T 6 0.80508621 5

Bioinf@JKU-ensemble2 7 0.80107759
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New model in the present study Best model in Tox21 Challenge
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Y Asako, Y Uesawa, High-Performance
Prediction of Agonists on Human Estrogen
Receptor Based on Chemical Structures,

Molecules 22(4) 1-10 (2017)
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0.21’r
0.1

o.0}V\ ¢+ —"V-+—"F—+1T-+—+—+—+——1+—"F+——
0.0 0.2 0.4 0.6 0.8 1.0

1-Specificity

= 0.827
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ROC_AUC
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Y Uesawa, Rigorous selection of random
forest models for identifying compounds
that activate toxicity-related pathways,

Front Environ Sci 4(9) 1-6 (2016)



Organization Team Name

Team Member

Challenge Assay

Johannes Kepler University Linz, Austria Bioinf@JKU

Bioinf@JKU-ensemble1
Bioinf@JKU—-ensemble3
Bioinf@dKU-ensemble4

AMAZIZ
Dmlab

Technical University of Munich, Germany
Budapest University of Technology and Economics, Hungary

Meiji Pharmaceutical University, Japan Microsomes

G. Klambauer,
G. Klambauer,
G. Klambauer,
G. Klambauer,
A. Abdelaziz
G. Barta

Y. Uesawa

et al.
et al.
et al.

et al.

AhR, Nrf2/ARE
ER(full), HSE

AR(LBD)

PPAR-gamma
ATAD5, MMP

AR(full), Aromatase, p53

ER(LBD)

SAUNVIEKEF(FAY)

T ERAIHBEBERZE (N\H)—) ‘

BB REKXF(HF)

EEFH (Deep Learning) & FH

)Y ANRR T TS—KRE(F AN 7. BEEH)

A

Fully connected

Convolution
>
14 N
| R X 4
{4 34
A
Sy r." \
* /N
-
LO (Input) L1 L2
512x512 256%256

L3

-

L4 F5
128x128 64x64 32x32

F6
(Output)

* WinnersIZ&UBESN=FRETIILOEEHMIZL. Frontiers in Environmental ScienceiE DL S SR




AIZa—3SILRYET—ID—ETH .

INFA—V BB TROLWDLN TSRO =2 —F LRy T—DIT,
ANE, dEE, HAOBDIEREENKRASIER THOT-.
MEBEIZLI-TA—T5—=71%, wEEZER{ET HILIC
FOTEETRYEBETHRE, EECEERHDDEFIZHS LT
OTEWVEEZERTESACENDMYEBEELZH>TLNS.
BIZESBFFICHELTH, 201 2%FZMercktt HYFToT=Merck
Molecular Activity Challengel2EWNTT4—T7 53—V &
EZxRLI=CETEHSINT-.

RRELT, BEGHERRZERIT DL, BIUBHECHE

(i

H

A

HTHAENZEITONS.
(FEp - EFHiEMA#2015.10.FYI)



IRFRIRGZ Y

B e [N IRl

e AB S NS\

Lo Ye3eeYe
- v & Ar % L

R
2R
RREOPQ
RPN

11 M=
VI o 7 Vdo.sp... AN
AF

g K SO RACK | LN s
A R S A TN AT
A5 A AN B S P

£

A\
qoc
#H
AJ
'1

2l
i
m
= N
£
ﬁ
SN

)

=

—
h

N RZTHIET HI
Kb

VEFDINI A —
oy %)



connected

/
O~NmMmAKvwe oo M\ mooo
O~NMY LY Nw o 3,857

O~NNMITnO NS T
D—NoThe oo o
QN O RS ~eD
D~ J L9 N o
ONNOYNVS [~ >
O~ T v Ndg o
Lo TN I N L
QD—NM e~ N
DM T 9D Fe
V—=chmx Yo Noyo
QDN M T NS Ny

subsamphng

Al
it
R
K
i
¥
i
112
[S
™
A

D
\\ll
ik
i
=
M-

RIHET—4
FRERRPE

FHEHE DT

joTy)
=
C
S
©
Q
—
o
Q
Q
]

5—=

NN

TA—7

I
HZ
I.I-I-(
S ik
08 7t
5 1}
i %]
m

N

RF, SV,
RIHET—%

-

sawpling N\
classification

feature extraction



TA—T 53—V JI2&KBBAEDETIVE
AEDHRE

BFEEoHH BFHEEoHH
IELEVMDFTHR s
AR D e e p FEREFE

Learning

FRIETIL
3 My :




DeepSnapl<H T35 o
BEFHDAND AN o N L TR
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i N = : e : \ Hﬂ D membrane
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