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EFSA Guidance on WoE

Approach for WoE
1. Gather all info
2. Evaluate individual lines of evidence

3. Integrate the results



EFSA Guidance: integration

Criteria for integration
1. Relevance
2. Reliability

3. Agreement
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Handling Editor: Da Chen In silico methods and models are increasingly used for predicting properties of chemicals for hazard identification
and hazard characterisation in the absence of experimental toxicity data. Many in silico models are available and
can be used individually or in an integrated fashion. Whilst such models offer major benefits to toxicologists, risk
assessors and the global scientific community, the lack of a consistent framework for the integration of in silico
results can lead to uncertainty and even contradictions across models and users, even for the same chemicals. In
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Integration of in silico

Algebraic and voting
methods

Algebraic methods

Model 1 —» resultl
Model 2 = result 2
Model 3 - result3

Integrated result

Weighing o
Weighing methods
Model 1 = result 1 - transformed result 1
Model 2 = result 2 - transformed result 2 Integrated result
Model 3 - result 3 - transformed result 3
Hybrid :
Y Hybrid methods
Model 1 r‘%
( Model 2 Integrated result
% e
Model 3
Learning Learning methods

Model 1 = result 1 Preliminary Final
Model 2 = result 2 integrated <> Test > integrated

Model 3 = result 3 result result

Expert-based

Expert-based integration

Model 1 = result 1 Esfitt result 1 - e .
ntegrated resu

Model 2 = result 2 evaluation ~* result3 g

Model 3 - result 3




Example of weighing

(£1) * ADcagsar + (1) * ADgarpy + (£1) * AD1rvEGa

CONSENSUS =
ADcagsar + ADsarpy + ADT1vEGA

VEG/
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Use all lines of evidence

1. VEGA In silico models
2. Read-across
3. Reasoning

 Check agreement



ToxDelta
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ToxRead V

Offering a family of tools to evaluate \ s

chemical hazard: VEGA, ToxRead,

- Do you need assistance for

* aproperty prediction ?

Welcome to the VEGA HUB CONTACT US

ToxWeight, ToxDelta, and JANUS.

VEGA is the QSAR software with tens
of models for individual properties.

Life-Sphera
ToxEraser

https://www.vegahub.eu/
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3.2 Applicability Domain: Qf

Measured Applicability Domain Scores

Global AD Index
AD index =0.979
Explanation: the predicted compound is into the Applicability Domain of the model.

Similar molecules with known experimental value
Similanty index = 0.958
Explanation: strongly similar compounds with known experimental value in the training set have been found.

PV g

Accuracy of prediction for similar molecules
Accuracy index = 1

Explanation: accuracy of prediction for similar molecules found in the training set is good. Al | V E G A mo d e | S p rOVi d e an

Concordance for similar molecules =

o | Concordance index =1 applicability domain index (ADI)

Explanation: similar molecules found in the training set have experimental values that agree with the predicted

value. value based on several indices

Model's descriptors range check

Q < Descriptors range check = True
Explanation: descriptors for this compound have values inside the descriptor range of the compounds of the
training set.

PV g

Atom Centered Fragments similarity check _
Q < ACF index =1

Explanation: all atom centered fragment of the compound have been found in the compounds of the training

set.

Symbols explanation:

2 4 The feature has a good assessment, model is reliable regarding this aspect.
AR The feature has a non optimal assessment, this aspect should be reviewed by an expert.

23 The feature has a bad assessment, model is not reliable regarding this aspect. 11
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3.2 Applicability Domain:
Measured Applicability Domain Scores Q?

Global
v — VEGA Mutagenicity (Ames test) model (CAESAR) 2.1.13 page 1

=l

si rediction Summar

Prediction for compound Molecule 0

Q? Prediction: 0 Reliability: ﬁ i}' ﬁ

Prediction is Mutagenic, the result appears reliable. Anyhow, you

c should check it through the evaluation of the information given in the
5 C following sections.
H H " The following relevant fragments have been found: SA29 Aromatic
diazo

Compound: Molecule 0
Compound SMILES: N(=Nc1ccee(N)c1C)c2ecec(N)c2C
Q‘& Experimental value: -
Predicted Mutagen activity: Mutagenic
S Structural alerts: SA29 Aromatic diazo
Reliability: the predicted compound is into the Applicability Domain of the model
Remarks:

Symbols none

% The feature has a bad assessment, model is not reliable regarding this aspect.

3.1 Applicability Domain:
Similar Compounds, with Predicted and Experimental Values

MW

CAS: 119631-004

Dataset id: 3482 (Training

SMILES: N(—Nc1coc[c(N]nc1)C ceo(c(M)c2)C
Similarity: 0.

Experimental value: Mutagenic
Predicted value: Mutagenic

CAS: 84434457

Dataset id: 2696 (Test set)

SMILES: Ni=Ne feccee 1 Cle2eoc(NIe(e2(N)C
Similarity: 0.95

Experimental value: Mutagenic
Predicted value: Mutagenic

CAS: 746?' 29-0

Dataset id
SMILES: N( Nc1ct:(c{N}cc1{N‘1]C}c2coccc20
Similarity: 0.

Experimental value: Mutagenic
Predicted value: Mutagenic

CAS: 5857-92-1
id: 2566

SMILES: [O- +]}—Nc1occ(c{l":;}c1 JC)c2eee(c(N)c2)C
Similarity: 0. !g.l

Experimental value: Mutagenic
Predicted value: Mutagenic

CAS: 97-56-3

Dataset id: 594 n%

SMILES: N(=Nc coccc Je2eec(N)e(c2)C
Similarity: 0.925

Experimental value: Mutagenic
Predicted value: Mutagenic

CAS: 84434-424

Dataset id: 1799 (Training set

SMILES: N(=Nc1coc[N c1{N))C)c2cceec2
Similarity: 0.92:

Experimental value: Mutagenic
Predicted value: Mutagenic




VIEGA

D N N NN

Visualization of similar substances
Similarity index (chemical; sub-indices)
Chemometric check (descriptor space)

Atom centered-fragment (chemical)

Check of the descriptor sensitivity (algorithm)

Uncertainty (algorithm)

Fragments for outliers (output space)
Prediction Accuracy (output space)

Prediction Concordance (tox) exploration)

\

ADI parameters

.

Chemical input space

Characteristics of the
algorithm

Input and output
toxicological space

13



VISGA ADI accuracy

Prediction for the compound no. 1: CN(C)C(=O)NC1=CC(CDH=C(OC)C=C1

Cl
Carcinogenic: Non-Positive
Class indices: Positive=0.079, Non-Positive=0.921

Remarks for the prediction:
N
0)\7 -

The following chemicals similar to the query compound have been identified in the CAESAR database:

Dataset id: 162
o SMILES: Clclcce(eccl )NC(=O)N(O)C
Similarity: 0.884

N
= Y
= Experimental class: Positive
redicted class: Non-Positive
()
Dataset id: 754
SMILES: O=C(Nclccec(ecl)C)N
Similarity: 0.857
N | Experimental class: Non-Positiv&
. =

14
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ADI concordance

0 Prediction: Reliability: ﬁ

Prediction is Possible NON-Mutagenic, but the result shows some
critical aspects, which require to be checked:

- similar molecules found in the training set have experimental values
that disagree with the predicted value

Global AD Index
AD index =0.719
Explanation: the predicted compound could be out of the Applicability Domain of the model.

Similar molecules with known experimental value
Similarity index = 0.901
Explanation: strongly similar compounds with known experimental value in the training set have been found.

Accuracy of prediction for similar molecules
Accuracy index = 1
Explanation: accuracy of prediction for similar molecules found in the training set is good.

Concordance for similar molecules

Concordance index = 0.33

Explanation: similar molecules found in the training set have experimental values that disagree with the
predicted value.

Atom Centered Fragments similarity check

ACF index =1

Explanation: all atom centered fragment of the compound have been found in the compounds of the training
set.

Compound #1

CAS: 154028-32-7

Dataset id: 2989 (Training set)

SMILES: O(c2ccee{C=Cclcec(N)cct)c2)C
Similarity: 0.907

|Exg:erimental value: Mutagenicl
redicted value: Mutagenic

|

Alerts (not found in the target): SM44; SM104

Compound #2

CAS: 7570-37-8
Dataset id: 1345 (Training set)
SMILES: O(c1cee(cc1)C=Cc2ccc(N)cc2)C

Similarity: 0.905
Experimental value: Mutagenic
redi value: Mufagenic
I Alerts (not found in the target): SM44; SM1 D4|
Compound #3
CAS: 56-53-1

Dataset id: 2731 (Test set)
SMILES: Oclcee(ce1)C(=C(c2ecee(O)cc2)CC)CC
Similarity: 0.893

Experimental value: NON-Mutagenic
Predicted value: NON-Mutagenic

Alerts (not found in the target): SM158
Compound #4

CAS: 20426-12-4

Dataset id: 561 (Test set)

SMILES: O=C(C=Cc1ccc(O)ccl)c2eccecc2
Similarity: 0.888

Experimental value: NON-Mutagenic
Predicted value: NON-Mutagenic

Alerts (not found in the target): SM158; SM172
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@ Bundesministerium
T fir Umwelt, Naturschutz

und nukleare Sicherheit Umwelt
JANUS Bundesamt

Carcinogenicity

Models used Weight
A Mean CAESAR + Antares 025 &
B. Mean ISS + ISSCAN/CGX 035 ":hal?:i'onﬁSF
_C.| _ OralSlope Factor class. 0.4 classl ga Ol;
Oral and inhalation e m——
an :
. ] . .
ualitative and quantitative (slope eghted mean
A+B+C20.5?
f Ct b . d . . | No Yes No Yes
actor) combined in a single . |-
Use as output Use as output the \Use as output the higher value of
assessme nt negative Oral Slope Factor Inhalation Slope Reliability between
\ _ value and Factor value and OSF and ISF ifis
- if 5 or 4 models are associate its associate its not with Low
Experimental value negative then 3 Reliability (3/2/1) Reliability (3/2/1) Reliability and the
Reliability L | ther'onG with
- if 3 or 2 are negative
then Reliabilty 2 index | Reliability Explanation xgl‘i’:m?' Sood
o -if 1 is negative 1 5 Certain experimental value in this case take the
All existing e_XP-’Wlues Reliability 1 0.9 4 Uncertain experimental value other one and
. t:ega_tilive.ti - 0.8 3 Good Reliability associate the
No o7 e 056 2 Moderate Reliability Reliability of the
poass 03 1 Low Reliability choosen value
Prediction: Output class. model and Reliability Value
Carcinogenic Carcinogenicity Good 0.9
ISF quantitative exp with Carci icity Moderate 0.8
Reliability 5 if all value or ISF class predicted positive Carcinogenicity Low 0.7
are goncomant Wwith Good Rellability Non-Carcinogenicity Low 0.3
;fs:gt'ame) Non-Carcinogenicity Moderate 0.2
v Non-Carcinogenicity Good 0.1
Conti data ISF class
Maximum value of ISF or OSF if two predicted positive wi
< Moderate or Low
experimental data with Reliability 5 No Reliability?
Experimental value if exists one of A ’ With contintous ISE

the two experimental data with

Reliability 5 Predictior_\: )
Maximum of the two predicted Non-Carcinogenic
value but with Reliability 4, Reliability 5

and its Reliability,
Reliability 5 if
experimental value or
Reliability of the
predicted value

Prediction:
Non-Carcinogenic

Reliability 4



The case study on botanicals

JANUS: prediction on 80% (mainly non carcino 3:1)
Expert read-across: about 80% (mainly non carcino 2:1)

Agreement between these assessments: 50%
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The automatic read-across

Learning from features observed by expert
Role of molecular groups

Multiple similarity:

 structural alerts,

* groups,

« overall structural similarity

Solving conflicts

Implementation of software

18



Read-across. Example: toxic

Target: heliosupine

Similar CElcHogen



Read-across. Example: non-toxic

Targ et (salicylic acid) Slm | IarS

v 0 0
o 0
0 0
0
h j@/J\D 0
o)
0 0
0




Read-across. Example: ambiguous

larget. Similars
Phenylethylamine

Carcino
Non carcino Hydrazine




The new software based on grouping

Target

TEST: Similarity and Grouping for Carcino

Molecule Input:
TotGroups: 5

[allylic_oxid', 'ketone', 'CC4', 'ketone_aliphatic']

Alerts:
f SA10_gen unf_SAturated carbonyls

Stat: Neutro with Prevalence%: 50.0

Vi

Experimental Value is known: Carcinogen

22



Similar

The new software based on grouping (ii

Simil:
1) SMILES: O=C1C(=CCC(C(=C)C)C1)C

Class: NON-Carcinogen
SimilarityVega: 0.92
SimilarityGrouping: 0.838
Grp_Similarity_Mean: 0.879

Groups in common: 4
TotGroups 8

GRUPPI:

allylic_oxid Stat: Neutro

ketone Stat: Neutro //
ketone_Topliss Stat: Neutro O

CH2_Terminal Stat: Neutro
ketone_aliphatic Stat: Neutro

Alerts: [f_SA10']

2) SMILES: O=C1C(=CQO)CC4(C)(C(C1)CCC3C4(Cccz(cycsccczoyemn
Class: Carcinogen

SimilarityVega: 0.657

SimilarityGrouping: 0.8

Grp_Similarity_Mean: 0.728

Groups in common: 4 OH 7 OH
TotGroups 15
GRUPPI: (o}

Al_OH Stat: Neutro

allylic_oxid Stat: Neutro

bicyclic Stat: Neutro

ketone Stat: Neutro

ketone_Topliss Stat: Neutro

steroid Stat: Tox

CC4 Stat: Neutro

ketone_aliphatic Stat: Neutro Alerts: [_SA107]

23



The new software based on grouping (iii)

Structural alert +
molecular groups, screened individually

Molecule Input: Bar Chart for groups in dataset find in target

200
150

100/

50




The new software based on grouping (iv)

Target

TEST: Similarity and Grouping for Carcino
Molecule Input:

TotGroups: 5

[allylic_oxid', 'ketone', 'CC4', 'ketone_aliphatic']

Alerts: /
f SA10_gen unf_SAturated carbonyls O

Stat: Neutro with Prevalence%: 50.0 Experimental Value is known: Carcinogen

25



Statistics on Botanicals

63 botanicals have been evaluated with grouping

10 substances are not assigned because recognized by the tool as

equivocal
Confusion Matrix
Carcino Clz\;\lzz\r'\-o Equivocal Sensitivity 69.23%
- Specificity 70.37%
Carcino 4 Si Accuracy 69.23%
NON-Carcino 6 Precision 69.81%

Prediction



Conclusions

Carcinogenicity: complex endpoint, with relatively low number of
data, experimental uncertainty

Necessary to screen multiple lines of evidence

WOoE: read-across, reasoning, in silico results

VEGA provides multiple models (also for read-across & reasoning)
JANUS integrates results

New software for read-across based on relevant molecular groups,
to be used for screening of these moleties



