Y/ /A
N

Automated Workflows for Hazard

Assessment

OpenTox Workshop:
Satisfying REACH Requirements in Predictive Toxicology
10-11 September 2009, Rome

Elena Fioravanzo, Arianna Bassan, Matteo Stocchero




-BSIN Outline
e e

* Integration
* Integration tool: KNIME
« Consensus approach

o Case study



-RSIN Adequate predictions

G ECHA TOOLS: different
methodologies & many
programs

2

Guidance on
information requirements and
chemical safety assessment

Chapter R.6: QSARs and grouping of
chemicals

Adequate predictions
(valid, reliable and
relevant)




RSIN Our experience
.

« Evolving situation — learning-by-doing
 Initiative by Industry to provide non-testing data to fill in data gaps

e Lessons learned:

— Context-dependent:
How confident are we in a prediction?

Which supplementary information are available to support the final
result?

What is the endpoint under consideration?

What are the downstream consequences of the decision?

— Use of multiple tools (commercial as well as freeware) in an
integrated way.

— Use of multiple models with a consensus approach.

— Importance of documenting the process of generating the
prediction.



-BRSIN

Integration

Figure R.6-2: Flowchart for the use of non-testing approaches in the regulatory

assessment of chemicals

REACH guidance

Start

proposes a structured
workflow for the

Step (: Starting step:
Information collection

y

generation of non-testing

Step 1: Prelminary analyss

data.

y

Step 2: Use of classification
schemes

The workflow is flexible

y

and should be adapted to
meet the specific and

Step 3: Search for structoral
alerts

context-dependent needs

y

Step 4: Prelminary
assessment

Y

Step 3: Read-across

v

Step 6: (Q)SAR predictions

of the user.
Multiple models {

v

Step 7: Fnal assessment

> Multiple tools




RSN Integration tool: KNIME

SNIME

Knime: The Konstanz Information Miner
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Knime

Commercial Partners integrate
their proprietary tools

KNIME serves as an
iIntegration platform for tools of
various vendors

Open source (and freeware)



3-rd party integration in  Knime
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Everything is written in JAVA (and is open source), So you can create your own nodes.



Consensus approach

e The idea;

— As by definition all models are simulation of reality, and therefore they
will never be completely accurate, sometimes a single model will not
work. When multiple models and multiple approaches are combined in a

single consensus score, however, more accurate predictions can be
achieved.



Different points of view

From a different point of view

| may notice something more ....



Consensus approach
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Different descriptor set




Consensus approach
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Consensus approach

o Different descriptors
» Different statistical techniques

e Consensus QSAR:

— Models developed from same or similar techniques
« Employed usually for large dataset and large descriptors matrices

« A pool of models is generated among which best QSAR and most diverse
QSAR are selected

e Consensus score

— Models developed from different techniques

— Weight of evidence from expert systems



Case Study

« 237 compounds classified as baseline narcosis according to their modes of action
 LogLC,, range from -3.6 to 3.0
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Russom, C.L., S.P. Bradbury, S.J. Broderius, D.E. Hammermeister, and R.A. Drummond (1997) Predicting modes of action from chemical structure:
Acute toxicity in the fathead minnow (Pimephales promelas). Environmental Toxicology and Chemistry, 16(5): 948-967.



Methods

Descriptor sets
— ADME descriptors: QikProp descriptors
— Molecular descriptors: CDK topological indices

Data set divided into Training and test set by means of Onion D-
Optimal design

Statistical techniques:
— PLS
— OPLS
— OPLS-DA / Naive Bayes
— PCA / Recursive Partitioning



PLS model

« Data set: 237 compounds
— Training set: 144 compounds
— Test set: 93 compounds

o Descriptors: QikProp — 29 ADME descritpros
o Statistical technique: PLS
« Classification according to predicted log LC

Global 29 3 0.86 0.82 0.52 0.43
Best 2 X model 2 logP; PSA 0.83 0.82 0.57 0.48

Log LC 50 = - 0.98 logP — 0.016 PSA + 2.04

Training set pred_NoConcern pred_Concern
NoConcern 38 11
Concern 7 88

Test set pred_NoConcern pred_Concern
NoConcern 26 7

Concern 2 58



PLS Local models

« Training set divided into 4 clusters
e Local PLS models for each cluster

 Prediction workflow:

— Test compound is assigned to one of the 4 clusters (O2PLS-DA)
— Local model is employed to predict te log LC 5, value

Cluster A Global
training set 37 144
test set 24 93
PCs 3 3
R2 0.9 0.86
Q2 0.78 0.82
SDEC 0.36 0.52
SDEP 0.39 0.43

aromatic and

description hetero-

aromatic rings



Consensus approach

e descriptor matrices:
— Surface descriptors (QikProp)
— 1D & 2D topological descriptors

» For each descriptor matrix a specific statistical technique was selected:
— MODEL 1: OPLS for topological matrix
— MODEL 2: OPLS-DA / Naive Bayes for surface matrix
— MODEL 3: recursive partitioning for global matrix
— Consensus: agreement of all classification models

MODEL 1 MODEL 2 MODEL 3
Training set 96 91 106
Test set 138 144 131
out the AD 3 2 3
K (train) 0.61 0.69 0.88

K (test) 0.76 0.73 0.62



Consensus approach

CONSENSUS

Models: RP, OPLS, OPLS-DA/NB

Test set: 54 compounds lying into the intersection of the three test sets
Consensus: agreement of all models

CONSENSUS K=0.84
pred_NoConcern pred_Toxic totale cannot be predicted
NoConcern 12 2 14 6

Toxic 1 32 33 1




Integration in KNIME
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PCA / RP model
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OPLS model

latent variables

Integration

In KNIME

Prediction
workflow

OPLS model
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Integration In KNIME

OPLS-DA / Naive Bayes model

Naive Bayes classifier

Prediction
workflow

predictions

latent variables
residuals

Applicability domain

check workflow DModX

T2




Conclusion

Combining predictions can be a powerful tool

Combination may be done in may ways

Each model should have a specific applicability domain definition
Integration is a key element of non-testing approach

KNIME is a useful platform for integrating multiple models and tools

Contact me:

elena. fioravanzo@s-in.it



