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e Introduction to different methodologies of in silico toxicology
e Expert rule-based methodologies

o Statistical-based methodologies

e Expert review and predicting toxicity

e Key learnings and conclusions



Introduction to different
methodologies of in silico toxicology



An introduction...

Toxicology

Definition: the study of the adverse health
effects of chemicals on living organisms

Often assessed using in vivo (animal) models

However, in vivo tests are expensive, time-
consuming, and are less desirable from an
ethical standpoint

Non-animal alternatives are increasingly being
used in the pharmaceutical, pesticide, and
cosmetic industries e.g. in silico toxicology

In silico toxicology
Definition: the development of mathematical
and computer-based models to Dbetter
understand and predict the adverse health
effects of chemicals on living organisms

No animals used

In silico toxicology is fast, cheap, and can be
used for multiple endpoints simultaneously

Commonly used methodologies include expert
rule-based systems and statistical models

e
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Some common uses for in silico toxicology

Assessment of impurities and degradation products

Worker safety

[
e Assessment of extractables and leachables
[
[

Selection of product development candidates

M7 Assessment and Control
of DNA Reactive
(Mutagenic) Impurities in
Pharmaceuticals to Limit
Potential Carcinogenic Risk

Guidance for Industry
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Foed ead Drug Admmare

wn

=

...an assessment of Structure-Activity Relationships (SAR) that
focuses on bacterial mutagenicity predictions should be
performed...

Expert rule-based model

Two (Q)SAR prediction methodologies ... expert rule-based ...
statistical-based.

Statistical-based model

(Q)SAR meodels utilizing these prediction methodologies should
follow the general validation principles set forth by the Organisation
for Economic Co-operation and Development (OECD).

The genotoxicity assessment should be assisted by application of (Q)SAR (step 5 of the decision
scheme, Figure 1) and read-across of metabolites (step 6) and could be optionally complemented in
step 7 (see Section 2.4) with the consideration of exposure against the threshold of toxicological
concern (TTC) for genotoxicity (0.0025 pg/kg bw per day). For compounds grouped according to their

Committee, 2012a; EFSA PPR Panel, 2013, 2014).

Step 5 includes the use of scientifically valid (Q)SAR models (see Section 2.3.1). The use of
computational models for predictions of genotoxicity should not be based on the use of any single
model alone. To maximise the sensitivity and specificity of the prediction, at least two independent (Q)
SAR models, where possible, (e.g. based on different training sets and/or algorithms as knowledge-
based and statistical-based models) should be applied for each genotoxicity endpoint (Worth et al.,
2010, 2011a). A 'weight of evidence’ approach should be followed, using all available information
provided by the models, e.g. applicability domain, proposed mechanistic information, prediction for the
similar substance.

predicted effect, it is considered appropriate to apply the dose addition approach (EFSA Scdentific «

GUIDANCE

ADOPTED: 22 11ty 2086
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Guid. on the ishment of the resi definition

for dietary risk assessment

EFSA Panel on Plant Protection Products and their Residues
(PPR)

Abstract

EFSA has asked the Pancl on Plant Protection Products and their Residues to prepare guidance on the
establishment of the residue definition for dietary risk assessment. The residue definition for risk
assessment is used by risk assessors to evaluate the potential risk of dietary intake of residues
resulting from the application of a pesticidc. This document guides the complex Process of identifying
the pertinent residue components that should be considered for dietary risk assessments of chemical
active substances. Specifically, the document provides directions for determining the metabolites that
require. hazard identification and characterisation using scentific tooks and methods ((quantitative)
structure activity relationship ((Q)SAR), read-across, threshold of tovicological concern (TTC)) and
available data in combinalion, and for developing an appropriale testing slrategy for these
compounds. Furthes, for ACtivtics within the remit of the quidance document the: terms “potency” and
“taxicological burden’ for consumers are defined and decision criteria cstablished for the selection of
the residue components that should be induded in the residue definition for dietary risk assessment.
In order to support the decision process it is recommended to make use of all information available,
including mechanistic understanding, and to present detailed information on Loxicity and exposure for
every single metabolite and on the uncertainties connected to the proposed residue definition. The
quidance: document is complemented with three practical case studies demonstrating the applicability
of the proposed decision scheme.

© 2016 European Food Safcty Authonity. £754 Joumnal publishcd by John Wiley and Sons Ltd on behalf
of European Food Safety Authority.

Keywords: pesticide, residue definition, dietary risk assessment, (Q)SAR, read-across, TTC, metabolite
Requestor: EFSA

Question number: EFSA<Q-2013-01001
Con pesticides. ppraefs
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(Q)SAR models

(Quantitative) Structure Activity Relationship
o ldentifies the general relationship between a chemical structure and the

corresponding biological activity
o Based on the assumption that similar chemicals have similar

physicochemical and biological properties

+ = positive
= = negative
mp = melting point

mp: 284.59 [K] mp: 320.82 [K] mp: 333.12 mp: 303.24 [K] logP = how ‘fat-soluble’ the chemical is

logP: 4.05 logP: 5.27 logP: 44 logP: 4.12 L
tPSA- O tPSA: 0 tPSA: 0 tPSA: 0 tPSA = how permeable it is to cell membranes
Toxicity: = Toxicity: = Toxicity: + Toxicity: +
SAR QSAR
Qualitative relationship between Mathematical (quantitative) relationship
structure and biological activity (e.g. between structural features and/or
expert rule-based model) physicochemical parameters and biological

activity (e.g. statistical-based model) |

v
(Q)SAR



Examples of (Q)SARs

Name Developer Expert / statistical? Free / commercial?

CASE Ultra MultiCASE Inc. Statistical Commercial

Derek Nexus Lhasa Limited Expert rule-based Commercial

Leadscope Model Applier Expert Alerts Leadscope Inc Expert rule-based Commercial

Leadscope Model Applier Statistical QSAR Leadscope Inc Statistical Commercial
OECD QSAR Toolbox OASIS, LMC Expert + statistical Free

Sarah Nexus Lhasa Limited Statistical Commercial

TIMES-SS OASIS, LMC Expert + statistical Commercial

TOPKAT BIOVIA Statistical Commercial
ToxTree IdeaConsult Ltd. Expert Free
Vega Istituto di Ricerche Farmacologiche Mario Negri Statistical Free

Milano




Expert rule-based methodologies



Expert rule-based methodologies

e Clusters of similar chemicals are extracted from public (or
proprietary) datasets

Dataset

. O Ao

Toxicity: + Toxicity:

f Br ©/\ I Toxicity: Cl
Toxicity: O
Toxicity: + HO).S@/\F Toxicity: +

Toxicity:
II II ~, oxicity O/\Br
Toxicity: + Toxicity: +

- I
Toxicity: Br Toxicity: + O F
OH EtO)b
0]

Toxicity: = Toxicity: Toxicity: =

Toxicity:

+ = positive
= negative




Expert rule-based methodologies

o Experts use their knowledge to ascertain whether a structural alert
can be identified for a specific cluster and provide a mechanistic

justification

Cl
(0]
' HO F
\©ﬁ3r Toxicity: +
+ = positive

Toxicity: + Toxicity: = negative

Toxicity: + ©/\Br
|
- ©AC|
©/\ Toxicity: +
Toxicity: +

Toxicity: Toxicity: +

Cluster

I Nucleophile
O/\ ©Nucleophile N ©/\ p

Alkyl halide Substitution product

Mechanism



Expert rule-based methodologies

e The SAR is rationalised and activating or deactivating features
captured

Cl
(0]
©Al HJE@AF \< Compounds with fluorine substituents are
\©ABF Toxieity: % associated with a lack of toxicity

+ = positive

Toxicity: + Toxicity: = negative Rationalisation:

Toxicity: + B :

e | g r ® Poorer leaving group

. “‘O ©AC' ® Less reactive than other halogens
Toxicity: +

Toxicity: +

Toxicity: Toxicity: *

Cluster Structure-activity relationship (SAR)



Expert rule-based methodologies

Clusters of similar chemicals are extracted from public (or
proprietary) datasets

Experts use their knowledge to ascertain whether a structural alert
can be identified for a specific cluster and provide a mechanistic
justification

The SAR is rationalised and activating features or deactivating
captured

The SAR is encoded as a pattern to capture the toxicophore(s)

O/\R
R=Cl, Br, |

Toxicophore (pattern)
encoded in alert



Expert rule-based methodologies

Clusters of similar chemicals are extracted from public (or
proprietary) datasets

Experts use their knowledge to ascertain whether a structural alert
can be identified for a specific cluster and provide a mechanistic
justification

The SAR is rationalised and activating features or deactivating
captured

The SAR is encoded as a pattern to capture the toxicophore(s)

If a query compound includes the toxicophore, an alert is fired

(A (A
O/\R O Cl O F
R=Cl, Br, | ‘ O

Toxicophore (pattern) Alert fired No alert fired
encoded in alert



Example 1: Derek Nexus (Lhasa Limited)

:l: MNexus

File Window Prediction Reports Tools Help
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~ | Irritation (of the respiratory tract)
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! | Alert Details

» Alert Matches

~ Description Image

* Comments

= EC3| i Reasoning Explorer D Prediction Constraints

027: Alkylating agent

H

R1 = Cl, Br, I, O5(=0) R4
RZ, R3 = any

R4 = not OH

n=l,2

Ch e damage (¢l
Mutagenicity: Ames test

genicity): in vitro ct asberration test

This alert describes the genctoxicity of alkylating agents where the carbon bearing the functional group is & primary or secondary alkyl carbon stom. In addition to alkyl halides, it includes alkyl sulphinates, sulphonates and sulphates
which lack & hydronyl group directly bonded to the sulphur [Tan et al].

Alkeyl halides are electrophilic species that are capable of directly alkylating DNA. Consequently, many compaunds are mutagenic in the Ames test in the presence and absence of 50 mix, notably in Salmeonella typhimurium straing TA100
and TA1535 [Barber et al, Eriksson et al]. In general, alkyl chlorides are less mutagenic than their bromo and iodo counterparts, and given the non-mutagenicity reported for n-butyl chloride [Barber et al, Zeiger et al 1987] and n-dodecyl
chlonde [Zeiger et 8l 1992], longer chain alkyl chlendes may ot give 8 positive result in the Ames test [Barber et al]. Shorter chain alkyl chlarides such a5 methyl chloride [Andrews et 8], ethyl chlonide [Zeiger et al 1992] and 2-propyl
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-
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= Validation Comments

* Endpoints

= References

D
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() 4565
(L4659
(L5545
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) 5547
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Chromosome damage: in vitro chromoseme aberration test

The alert has demonstrated the following predictive performance:

Title

A comparison of the mutagenic properties of vinyl chleride and metl
Lack of mutagenicity to 5. typhimurium of nespentyl bromide and p
Chloracetamide-N-methelol: an example of an in vitre and in vive <l
4-Chloromethylbiphenyl (4CMB): a novel mutagen and potential car
Mutagenicity of 12 HPLC labeling reagents for analyzing carboxyl cos
Mutagenicity studies of 2lpha, alpha’-dihalomethylbenzenss, alpha-i
Mutagenicity studies of p-substituted benzyl derivatives in the Ames
A procedure for the quantitative messurement of the mutagenicity o
Comparative mutagenicity of halogenated pyridines in the Salmaonel

1) Sofuni data set: 23 compounds activate this alert of which 20 are reported positive (pesitive predictivity = 87%)
2) FDA CFSAM data set: 89 compounds activate this alert of which 72 are reported positive (positive predictivity = 81%)
3) CGX data set: 29 compounds activate this alert of which 23 are reported positive (positive predictivity = 79%)

S

Author

Andrews AW, Zawistowski ES and Valentine C

Ashby ), Callander RD and Gilman D.

Ashby ), Richardson CR, Lefevre PA, Callande
Ashby 1, Trueman RW, Styles J, Penman MG a
Azuma §, Kishino §, Katayama §, Akahon Y ar

Ball })C and Young WC.
Ball }C, Feucall-VanAken S and Jensen TE.
Barber ED, Donish WH and Mueller KR.

Claxton LD, Dearfield KL, Spanggord RY, Ricci

Source

Mutation Research, Viel: 40, pp: 273-275
Mutation Research, Vel: 140, pp: T1-T4
Mutation Research, Vel 156 pp: 19-32
Carcinogenesis, Vol: 2, pp: 33-38
Kankyo Kagalku, Vok 7, pp: 249-255
Mutation Research, Viol: 191, pp: 79-84
Mutation Research, Vol: 138, pp: 145-151
Mutation Research, Vol: 90, pp: 31-48
Mutation Research, Vol: 176, pp: 185-198

Year
1976

1985
1981
1997
1987

1981
1987

Supplemental

DOk 10.1016/0165-12
DOE: 10.1016/0165-7%¢
Nete: 307: 19856, DO
DOk 101083/ carcin/2

DOk 10.1016/0165- 7%
DO 10.1016/0165-12
DOL: 10.1016/0165-12
DOk 10.1016/0027-51




Example 1: Derek Nexus (Lhasa Limited)
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genicity): in vitro ct asberration test

which lack & hydronyl group directly bonded to the sulphur [Tan et al].

This alert describes the genctoxicity of alkylating agents where the carbon bearing the functional group is & primary or secondary alkyl carbon stom. In addition to alkyl halides, it includes alkyl sulphinates, sulphonates and sulphates

Alkeyl halides are electrophilic species that are capable of directly alkylating DNA. Consequently, many compaunds are mutagenic in the Ames test in the presence and absence of 50 mix, notably in Salmeonella typhimurium straing TA100
and TA1535 [Barber et al, Eriksson et al]. In general, alkyl chlorides are less mutagenic than their bromo and iodo counterparts, and given the non-mutagenicity reported for n-butyl chloride [Barber et al, Zeiger et al 1987] and n-dodecyl
chlonde [Zeiger et 8l 1992], longer chain alkyl chlendes may ot give 8 positive result in the Ames test [Barber et al]. Shorter chain alkyl chlarides such a5 methyl chloride [Andrews et 8], ethyl chlonide [Zeiger et al 1992] and 2-propyl
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S

Author

Andrews AW, Zawistowski ES and Valentine C

Ashby ), Callander RD and Gilman D.

Ashby ), Richardson CR, Lefevre PA, Callande
Ashby 1, Trueman RW, Styles J, Penman MG a
Azuma §, Kishino §, Katayama §, Akahon Y ar

Ball })C and Young WC.
Ball }C, Feucall-VanAken S and Jensen TE.
Barber ED, Donish WH and Mueller KR.

Claxton LD, Dearfield KL, Spanggord RY, Ricci

Source

Mutation Research, Viel: 40, pp: 273-275
Mutation Research, Vel: 140, pp: T1-T4
Mutation Research, Vel 156 pp: 19-32
Carcinogenesis, Vol: 2, pp: 33-38
Kankyo Kagalku, Vok 7, pp: 249-255
Mutation Research, Viol: 191, pp: 79-84
Mutation Research, Vol: 138, pp: 145-151
Mutation Research, Vol: 90, pp: 31-48
Mutation Research, Vol: 176, pp: 185-198

Year
1976

1985
1981
1997
1987

1981
1987

Supplemental

DOk 10.1016/0165-12
DOE: 10.1016/0165-7%¢
Nete: 307: 19856, DO
DOk 101083/ carcin/2

DOk 10.1016/0165- 7%
DO 10.1016/0165-12
DOL: 10.1016/0165-12
DOk 10.1016/0027-51




Example 1: Derek Nexus (Lhasa Limited)
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Mutsgenicity: Ames test

This alert describes the genctoxicity of alkylating agents where the carbon bearing the functional group is & primary or secondary alkyl carbon stom. In addition to alkyl halides, it includes alkyl sulphinates, sulphonates and sulphates
which lack & hydronyl group directly bonded to the sulphur [Tan et al].

Alkeyl halides are electrophilic species that are capable of directly alkylating DNA. Consequently, many compaunds are mutagenic in the Ames test in the presence and absence of 50 mix, notably in Salmeonella typhimurium straing TA100
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* Comments

Ch e damage (clastogenicity): in vitro ct aberration test -
Mutsgenicity: Ames test
This alert describes the genctoxicity of alkylating agents where the carbon bearing the functional group is & primary or secondary alkyl carbon stom. In addition to alkyl halides, it includes alkyl sulphinates, sulphonates and sulphates
which lack a hydrexyl group directly bonded to the sulphur [Tan et all.
Alkeyl halides are electrophilic species that are capable of directly alkylating DNA. Consequently, many compaunds are mutagenic in the Ames test in the presence and absence of 50 mix, notably in Salmeonella typhimurium straing TA100
and TA1535 [Barber et al, Eriksson et al]. In general, alkyl chlorides are less mutagenic than their bromo and iodo counterparts, and given the non-mutagenicity reported for n-butyl chloride [Barber et al, Zeiger et al 1987] and n-dodecyl
chloride [Zeiger et al 1992], longer chain slkyl chlorides may not give & positive result in the Ames test [Barber et al]. Shorer chain alkyl chlondes such &3 methyl chlonide [Andrews et 8l ethil chloride [Zeiger et sl 1992] and 2-propyl
« Validation Comments
Chromosome damage: in vitro chromoseme aberration test A
The alert has demonstrated the following predictive performance:
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3) CGX data set: 29 compounds activate this alert of which 23 are reported positive (positive predictivity = 79%) o
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which lack & hydronyl group directly bonded to the sulphur [Tan et al].

This alert describes the genctoxicity of alkylating agents where the carbon bearing the functional group is & primary or secondary alkyl carbon stom. In addition to alkyl halides, it includes alkyl sulphinates, sulphonates and sulphates

Alkeyl halides are electrophilic species that are capable of directly alkylating DNA. Consequently, many compaunds are mutagenic in the Ames test in the presence and absence of 50 mix, notably in Salmeonella typhimurium straing TA100
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Example 1: Derek Nexus (Lhasa Limited)

« When an alert is fired, the prediction is given as a likelihood
e Indicates confidence in prediction
o Equivocal, plausible, probable, certain are all considered positive predictions
o Doubted, improbable are very rarely observed
o Impossible used when species chosen makes the adverse outcome unable to
occur e.g. skin sensitisation prediction using bacterium as the species

Positive prediction

High confidence . Certain: proof that the proposition is true

A

Probable: there is evidence to show the proposition is true and none to refute it

Plausible: the weight of evidence supports the proposition
v

Low confidence Equivocal: there is an equal weighting of evidence for and against
A

Doubted: the weight of evidence opposes the proposition

Improbable: there is evidence to show the proposition is false and none to refute it

v
High confidence Impossible: proof that the proposition is false

Judson et al., Toxicol. Res., 2013, 2, 70-79.
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e For in vitro mutagenicity and skin sensitisation a
model is available
e Inthe absence of an alert, a negative prediction is provided

Query |

[

Alert fired?
|N

l |

Contains features in | Contains unknown |
known false negatives? features?

e Misclassified and unclassified features are but highlight
potentially concerning areas to consider reviewing to increase confidence

Williams et al., Regul Toxicol Pharmacol. 2016, 76, 79-86. Chilton et al., Regul Toxicol Pharmacol. 2018, 95, 227-235.



Example 2: Leadscope Model Applier

1. Enter
Chemical




Example 2: Leadscope Model Applier

2. Select Alerts

W oim7

Other Conserms

1. Enter 4 feabony

l - l . Shin Seratizaton
. Acute Tonoaty Suite
: Developmental Toxxaty Sute®

Read in

chemical <

v Mool In Vo

v I Boctenal Mutation Alerts
Genetox Sute®

¥ Sute

Expert Alerts Sute

Castogeniaty In Wire
$ Clastogerioty in Vo
Gere Mutabon

Mameralian In Viro

Mamenalan In Vovo

Maobssl In Vo

I Bactenal Mutaten

I £ Cok - Sal 102 A-T Myt

I Sakmonela Mut
Human Adverse Cardologeal Effects Sute®
Human Adverse Hepatobliary Effects Suite®

1 Human Adverse Urnary Effects Sute®
) Newrotoxioty Sute®
. Regroductve Toxoty Suate™

Rodent Caronogensaty Sute*
. Shon Sersitization Suite




Example 2: Leadscope Model Applier

2. Select Alerts

Integrated Assessments

Regulatory guidelne

W oim7

Other Conserms
Acute Yooty

1. Enter LR s »  Assess

Shin Seratizaton appllcablhty
domain
Acute Tonoaty Suite

3. View prediction

Chemical

Structure Prediction Predson Matched Alerts

’ 3 Developmental Toxaty Sute® . LOOk-Up
Read n 3 Ecotonaty Sute any data

. Genetox Expert Alerts Sute
Chemlcal Mcrobaal In Vo * Apply alerts

v I Boctenal Mutation Alerts
Genetox Sute® o~
-3 Custogeeicty Iy Wro - [W Positve 0.8333 321: Aryl Methyl Halde (0.83)

Clastogerioty In Wvo

< S

Gere Mutabion

Mamevalian In Vitro

SOT Webinar 1

Mameralan In Vovo

Maobsl In Vo

I Bactenad Mutaten

I £ Cok - Sal 102 A-T Myt

I Ssimonela Mt
Human Adverse Cardologeal Effects Sute®
Human Adverse Hepatobliary Effects Suite®
Human Adverse Urnary Effects Sute®
Newrotoxsioty Sute®

Regroductve Toxsoty Suste®

Rodent Caronogensaty Sute*

Siin Sensitization Suite




Example 2: Leadscope Model Applier

1. Enter

Chemical

Readin
chemical

—

2. Select Alerts

Tnbegrating Aspiaaner
Fiegulatory Quiceine
W i MT
Orthar Conseraus

¥ Aute Tonddty

- Ecotooadty

= Sl Serembizaton

Aube Todby Suibe
Darvslapsariinl Tondasty Suite™
Eafemaaty Suite
(GEreton EXpert Alerts Sute
Mol [r Vitrs
I Bacterial Mutaton dlerts
(Ceerezion Suibe™
1 Castogarscty In Vit
£ Castogersaty In g
(e U
= Mamsalan [n Vs
= Mammmalan [n Ve
Migobeal In Vo
Il Bactenial Miitabon
I E ol - S 100 AT Mt
I Samonels Mt
Hurnan Aceerse Candholopesl Effects Suite™
Hurnan Adverie Hepatobdary Effects Dune®
Fuman Acverse Urnary Effiects Sute®
Herotosscty Sute™
Reprodtoe Toxaty Saate®
Fipdent CaronoQenidty Suite™
Shiri Sereitization Suite

Assess
applicability
domain
Look-up

any data
Apply alerts

=

3. View prediction

Shructure Prediction Predcision Mabched Alerls
Cr Positve  |0.8333 321 Aryl Methyl Halde (9.83)
S0T Webinar 1
Explain alert

View analogs and
underlying study
report

Analogs
Experimental results

Study report
Predictionof analogs

e e e

*  Structural definition

*  Deactivating Factors

*  Sensitive tester strains
*  Mechanisms

*  Bxamples

* References




Example 2: Leadscope
Model Applier

Public Proprietary Total
Neg Pos Neg PosNeg Pos Neg Pos Neg Pos Neg Pos Neg Pos Neg
852 321: Aryl Methyl Halide 1 10

853321 - mitigating: Alkyl Methyl Halide Mitigator 1
854321 - mitigating: Alkyl Methyl Halide Mitigator 2
855321 - mitigating: Alkyl Methyl Halide Mitigator 3
856321 - mitigating: Alkyl Methyl Halide Mitigator 4

2. Select Alerts

Tnbegrating Aspiaaner
Reguatory guadeine
W i MT
Orthar Conseraus

Aute Tonddty

1 L E nte r Ernbzadty

Sl Serembizaton

Chemical

Anute Tomaty Suite

Drvslapr=eriial Tawaty Sute®

Readin
chemical j

) |

Eafemaaty Suite

Geraeion Expert Alerts Sute
Mol [r Vitrs
I Bocterial Mutation dlerts

(Ceerezion Suibe™
Clars bagereoty L
Castogersaty k
[e_p Tl g

Mamsalan [n Vs

Mamemghan [ Vg

Migobeal In Vo

[ Bacterial Mutation

I E ol - S 100 AT Mt

I Saimonels Mt
Hurnan Aceerse Candholopesl Effects Suite™
Husnan Adveris Hepaboblary Effects Sute®
Human ddverss Urinary Effects Suite®
ooty Suite®

Reprodtoe Toxaty Saate®
Fipdent CaronoQenidty Suite™
Shiri Sereitization Suite

Assess
applicability
domain
Look-up

any data
Apply alerts

—

857321: Aryl Methyl Halide 2

=T = R -

Qualify activating and deactivating features based on public and proprietary data

3. View prediction

Shructure Prediction Predcision Mabched Alerls
or Posit 0.8333 321: Aryl Methyl Halide (0.83)
SOT Webinar 1
Explain alert

View analogs and
underlying study
report

Analogs
Experimental results

Study report
Predictionof analogs

e e e

*  Structural definition

*  Deactivating Factors

*  Sensitive tester strains
*  Mechanisms

*  Bxamples

* References

27



Example 2: Leadscope Model Applier

1. Enter

Chemical

Readin
chemical

—

2. Select Alerts

Tnbegrating Aspiaaner
Fiegulatory Quiceine
W i MT
Orthar Conseraus

¥ Aute Tonddty

- Ecotooadty

= Sl Serembizaton

Aube Todby Suibe
Darvslapsariinl Tondasty Suite™
Eafemaaty Suite
(GEreton EXpert Alerts Sute
Mol [r Vitrs
I Bacterial Mutaton dlerts
(Ceerezion Suibe™
1 Castogarscty In Vit
£ Castogersaty In g
(e U
= Mamsalan [n Vs
= Mammmalan [n Ve
Migobeal In Vo
Il Bactenial Miitabon
I E ol - S 100 AT Mt
I Samonels Mt
Hurnan Aceerse Candholopesl Effects Suite™
Hurnan Adverie Hepatobdary Effects Dune®
Fuman Acverse Urnary Effiects Sute®
Herotosscty Sute™
Reprodtoe Toxaty Saate®
Fipdent CaronoQenidty Suite™
Shiri Sereitization Suite

Assess
applicability
domain
Look-up

any data
Apply alerts

=

3. View prediction

Shructure Prediction Predcision Mabched Alerls
Cr Positve  |0.8333 321 Aryl Methyl Halde (9.83)
S0T Webinar 1
Explain alert

View analogs and
underlying study
report

Analogs
Experimental results

Study report
Predictionof analogs

e e e

*  Structural definition

*  Deactivating Factors

*  Sensitive tester strains
*  Mechanisms

*  Bxamples

* References




Example 2: Leadscope Model Applier

1. Enter

Chemical

Readin
chemical

—

2. Select Alerts

Tnbegrating Aspiaaner
Regulatory quceine
W i MT
Orthar Conseraus

¥ Aute Tonddty

- Ecotooadty

= Sl Serembizaton

Aube Todby Suibe
Darvslapsariinl Tondasty Suite™
Eafemaaty Suite
Gerefion Expert Alerts Sute
Mol [r Vitrs
I Bacterial Mutaton dlerts
(Ceerezion Suibe™
1 (a2 Ly
£ Clastogers
(e U
= Mamsalan [n Vs

3 Mreaban [n Vv
Mot Ini Vo
[ Bacterial Mutation
I ECol - 5ol 102 AT Mut
I Saimonels Mt
Hurnan Aceerse Candholopesl Effects Suite™
Hurnan Adverie Hepatobdary Effects Dune®
Fuman Acverse Urnary Effiects Sute®
Herotosscty Sute™
Rprasdateon Tasaty Tute®
Fipdent CaronoQenidty Suite™
Shiri Sereitization Suite

= Assess

applicability
domain
Look-up

any data
Apply alerts

=

3. View prediction

Shructure Prediction Predcision Mabched Alerls
Cr Positve  |0.8333 324: Ayl Metivy Halde (0.83)
S0T Webinar 1
Explain alert

*  Analogs

*  Experimental results
*  Study report

*  Predictionofanalogs

View analogs and
underlying study
report

*  Structural definition

*  Deactivating Factors

*  Sensitive tester strains
*  Mechanisms

*  Bxamples

* References

Alert Definition
Rude 1
Description
Ths dert was dentfied theough an analyss of publc and proprietary data
Substructure definition
Ayl Moy ralde |
2 . Riown {3,4.5,6,7,2) (A) match vy ahom excnct
1 ) Atom I hat I stettsore
/\A ‘A\g Atom & haw 1ng bond count of 2
’I‘: A
y /
\'. - A
A"
Potential MEGatng §acton

MEGItng factors wire dentfind theoooh 0 nalvas of publc and propcwtany S0t

M g S e Mg |




Example 2: Leadscope Model Applier
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Statistical-based methodologies



Statistical-based methodologies (QSAR)

e Atraining set is compiled with the chemical structure and the corresponding
toxicity

e Molecular descriptors are calculated for each chemical structure

e A model is built using one or more molecular descriptors from every chemical to
predict the toxic response

e Examples of statistical models are:

o Random Forests

o Artificial Neural Networks

o Deep Learning

o k-Nearest Neighbors

o Support Vector Machines

o Partial Logistic Regression

o Partial Least Squares Regression
o Multiple Linear Regression



Building statistical-based models

Harvest data

Calculate
molecular
descriptors
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Building statistical-based models

Calculate Prioritize,
molecular normalize, Prepare table
Harvest data descriptors transform for modelling

Model data

m y =g ()
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Calculate molecular descriptors
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Building statistical-based models

Calculate Prioritize,
molecular normalize, Prepare table
Harvest data descriptors transform for modelling

Model data
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Building statistical-based models

Calculate Prioritize,
molecular normalize, Prepare table
Harvest data descriptors transform for modelling

Model data

|y =g (x))
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Harvest data

y =g (x;))



Making a prediction using statistical-based models

Applicability domain
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Confidence
e.g., probability=0.73



Making a prediction using statistical-based models

Applicability domain
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¥11: Propane




Making a prediction using statistical-based models

Applicability
domain ] N _
assessment Applfcab"'t‘lf’ﬂmaln
" . e.g., in-domain
'l : Prediction
.-..',-"'-"H"M "‘HH '__,.-"" .. |
LI .. e.8., mUtEgEnlc

~ Confidence
~ e.g., probability=0.73
0.73

¥1: Aromatic nitro ‘

X5: Nitro

¥5: Diazole y — g (f (x . ))
Xa: Polar surface area =83.87 l

¥c: Rotatable bonds = 3 M

¥z: Hydrogen bond donors =1 ‘

¥7: Molecular weight = 185.2

Xg: Atom count =13

Xg: alogP =048

¥1p: Ethane, 1-amino-, 2-hydroxy
¥11: Propane




Making a prediction using statistical-based models
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Making a prediction using statistical-based models

Applicability
domain

assessment  Applicability domain
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No significant
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Positive weights X,: Nitro
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Xg: Atom count =13

Xq: alogP =0.48

X1o: Ethane, 1-amino-, 2-hydroxy

Xq1: Propane
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Predicting mutagenicity using Sarah Nexus

o Statistical model for prediction of in vitro mutagenicity
 Model is built with Lhasa-curated public data and member-donated data

o Ames Data, 5 strain, where available
o 9882 unique structures (4716 positive / 5166 negative)

How Sarah works...
o DNA-reactivity is driven by chemical reactivity and is best modelled at

the fragment-level
o Molecules are fragmented according to a series of rules

e The Ames Test activity of the parent molecule of each fragment is
retrieved Ames Experimental

Data (curated)

> |
w J Fragmentation
—A—

¢ & DN

-~ )

~ F
O] == ¢, == For |
A |

Hanser et al., Journal of Cheminformatics, 6, 1-21.



Predicting mutagenicity using Sarah Nexus

How Sarah works...

e A recursive decision tree identifies (de)activating fragments

e Each fragment forms a potential hypothesis
o If I see this fragment, | associate this with a positive or negative result in the
Ames Test

e Each hypothesis is assembled into a network
e Self Organising Hypothesis Network (SOHN)

Ames Experimental é -

Data (curated) __ N
1 Fragmentation Hypoiiesis Sel
Y _ é g Mining I— Organisation Hierarchical Network |
Fragment :
I — Dict?onary J — leading to J :{> W
é :_[ ' e Hypotheses | SOHN

Hanser et al., Journal of Cheminformatics, 6, 1-21.



Predicting mutagenicity using Sarah Nexus

For the ‘Mutagenicity in vitro' endpeint the prediction is: For the "Mutagenicity in vitro’ endpoint the prediction is:

NEGATIVE EQUIVOCAL

with 4 2% confidence

xh_h\

N W O
T |

For the ‘Mutagenicity in vitro' endpeint the prediction is:

POSITIVE
with 1009 confidence 0 / \

0
|

Displaying 'cutside domain festures,’, click above to view the criginal struchure

e Sarah has a defined applicability domain
e Predictions are transparent and therefore interpretable

Hanser et al., Journal of Cheminformatics, 6, 1-21.



Predicting mutagenicity using Sarah Nexus
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Comparison of expert rule-based and statistical-based systems

Table 2

Strengths and weaknesses of different in silico approaches

Method

Strengths

Weaknesses

Statistical-based -

Expert rule-based -

Assesses all areas of the molecule, including whole
molecular properties

Can often explain the structural basis for the prediction
Quick to generate a model

Fast to compute a prediction

Capable of precisely identifying reactive groups or
pharmacophores that are linked to a mechanism
Includes reasons for activation and deactivation

Fast to compute a prediction

No direct mechanism provided, but may be elucidated
as part of the QSAR explanation
Difficult to model complex in vivo outcomes

Usually localized to the presence of a substructure and
often does not take into account the whole molecule
Difficult to make supported negative predictions

Table from: Myatt, G. J., Beilke, L. D., Cross, K. P. (2017) In Silico Tools and their Application. In: Samuel Chackalamannil, David P Rotella and Simon E Ward, (eds.) Comprehensive Medicinal Chemistry Il vol. 4, pp.
156-176. Oxford: Elsevier. http://dx.doi.org/10.1016/B978-0-12-409547-2.12379-0



http://dx.doi.org/10.1016/B978-0-12-409547-2.12379-0

Expert review and predicting toxicity



Expert review

e An expert review is prudent to increase the reliability of an in silico prediction
e |nsilico systems provide additional supporting information

o Expert rule-based methodologies: prediction confidence, structural basis,
mechanistic basis, examples, underlying study information, ...

o Statistical-based methodologies: structural descriptors, phys-chem descriptors,
confidence metric, contributions, underlying data, study information,
information on analogs, ...

e An expert review involves an examination of this supporting data alongside any
other relevant knowledge to

o Provide rationale to support the in silico conclusion

o To support assessments of inconclusive predictions (e.g., equivocal predictions,
out-of-domain assessments)

o Potentially refuting a prediction with sufficient evidence

e Expert review is complete when the user is satisfied that the prediction is correct



Expert review

e Expert review is recommended for certain regulations e.g. ICH M7

(DNA-reactive mutagenicity).

e When both systems predict the same outcome the probability of
the predictions being correct is high.

e Expert review is prudent when the outcomes from the two
complementary systems differ or there is some uncertainty.

Statistical-based Expertrule-based Percent mutagens Expert review

Negative Negative - < 10% Likely to conclude negative

10%-20%
Expert review
proportionaltothe
20%-30% likelihood of missing a
mutagenic impurity

- 30%-40%

Positive or IND Positive - >50% Likely to conclude positive

Table summarized from: Amberg, A., et al., 2019. Principles and procedures for handling out-of-domain and indeterminate results as part of ICH M7 recommended (Q)SAR analyses. Regulatory Toxicology and Pharmacology
102, 53-64. d0i:10.1016/j.yrtph.2018.12.007




Predicting toxicity - Example 1

‘ NH-»

Expert rule-based system Statistical model
Lhasa software probable positive (100% confidence)
Leadscope, Inc. software positive positive

Supporting information
e Aromatic amines well-known to be mutagenic in the Ames test
e Mechanism thought to go through a reactive nitrenium ion which can bind to DNA
o Positive Ames data available for this exact compound in multiple datasets



Predicting toxicity - Example 2

Expert rule-based system Statistical model
Lhasa software

Leadscope, Inc. software

Supporting information
e No alerting (reactive) features present on this compound
e Negative Ames data available for this exact compound in multiple datasets



Predicting toxicity - Example 3

OH
O__N_.O
TR

Expert rule-based system Statistical model
Lhasa software

Leadscope, Inc. software

Q QOH

Supporting information
e Chemical analog supports a negative assessment

NH,

Query chemical Negative
chemical



Key learnings

e Defined in silico toxicology and current use cases

e Defined main in silico methodologies

e Explained how expert rule-based and statistical-based methodologies are
developed and used to make predictions

e Explained the role of expert review

e Provided examples of how predictions are made



Conclusions

e |n silico toxicology is a fast and inexpensive approach to support toxicological
assessments

e |t is accepted as part of regulatory submissions (e.g., ICH M7)

e Using multiple methodologies alongside an expert review represents current

best practice in the field
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Thanks for listening

Please get in touch if you have any questions:
Donna Macmillan, Lhasa Limited: donna.macmillan@|hasalimited.org

Glenn Myatt, Leadscope, Inc: gmyatt@leadscope.com

Thank you SOT and CTSS!
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