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• Case study



AdequateAdequate predictionspredictions

TOOLS: different 
methodologies & many 

programs

Adequate predictions
(valid, reliable and 

relevant)



• Evolving situation – learning-by-doing 

• Initiative by Industry to provide non-testing data to fill in data gaps

• 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. 
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IntegrationIntegration

Multiple tools

Multiple models

• REACH guidance 
proposes a structured 
workflow for the 
generation of non-testing 
data.

• The workflow is flexible 
and should be adapted to 
meet the specific and 
context-dependent needs 
of the user.



Integration tool: KNIMEIntegration tool: KNIME

Developed by the group of Michael Berthold at the University of Konstanz, Germany



KNIMEKNIME

OPEN SOURCE & WRITTEN IN JAVA

EASY & INTUITIVE

KNOWS CHEMISTRY (CDK)

OFFERS VARIOUS STATISTICAL 
TECHNIQUES (R & WEKA)



KNIME workflowKNIME workflow

Read input Preprocessing
Knowledge 
extraction Tables and charts



KnimeKnime

Open source (and freeware)Open source (and freeware)

Commercial Partners integrate 
their proprietary tools

� KNIME serves as an 
integration platform for tools of 
various vendors



33--rd party integration in rd party integration in KnimeKnime

Everything is written in JAVA (and is open source), so you can create your own nodes.



Consensus approachConsensus approach

• 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.



DifferentDifferent pointspoints of of viewview

From a different point of view

I may notice something more ….



ConsensusConsensus approachapproach

OH

NH2

Different descriptor set



ConsensusConsensus approachapproach

Different statistical techniques

QSAR 1

QSAR 4QSAR 3
QSAR 2

QSAR n

…..

Average or weighted function
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ConsensusConsensus approachapproach

• Different descriptors

• Different statistical techniques

• 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
• Consensus score 

– Models developed from different techniques

– Weight of evidence from expert systems



Case Case StudyStudy

• 237 compounds classified as baseline narcosis according to their modes of action

• Log LC50  range from -3.6 to 3.0

Database: C:\DOCUMENTS AND SETTINGS\UTENTE\DOCUMENTI
         \DOCS\SIN2\CONGRESSI\2009\20090910_OPENTOXWORKSHOP
         \PRESENTAZIONE\BASELINE_NARCOSIS
         \COMPOUNDS_BASELINE_NARCOSIS.SDF
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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. 



MethodsMethods

• 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 / Naïve Bayes
– PCA / Recursive Partitioning 



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

PLS modelPLS model

• Data set: 237 compounds
– Training set: 144 compounds

– Test set: 93 compounds

• Descriptors: QikProp – 29 ADME descritpros

• Statistical technique: PLS

• Classification according to predicted log LC 50

0.480.570.820.83logP; PSA2Best 2 X model

0.430.520.820.86329Global

SDEPSDECQ2R2PCsXmodel

582Concern

726NoConcern

pred_Concernpred_NoConcernTest set

887Concern

1138NoConcern

pred_Concernpred_NoConcernTraining set



PLS PLS LocalLocal modelsmodels

• Training set divided into 4 clusters

• 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 50 value
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containing O 

and S
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Cluster D
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with halogens
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aromatic rings
description

0.430.410.470.39SDEP

0.520.410.40.36SDEC

0.820.880.640.78Q2
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3343PCs
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Consensus approachConsensus approach

• 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 / Naïve Bayes for surface matrix
– MODEL 3: recursive partitioning for global matrix

– Consensus: agreement of all classification models

0.620.730.76K (test)

0.880.690.61K (train)

323out the AD

131144138Test set

1069196Training set

MODEL 3MODEL 2MODEL 1



ConsensusConsensus approachapproach

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

RP K = 0.67
pred_NoConcern pred_Toxic totale cannot be predicted

NoConcern 14 5 19 1
Toxic 2 31 33 1

OPLS K = 0.75
pred_NoConcern pred_Toxic totale cannot be predicted

NoConcern 15 5 20 0
Toxic 1 32 33 1

OPLS-DA/NB K = 0.67
pred_NoConcern pred_Toxic totale cannot be predicted

NoConcern 14 6 20 0
Toxic 2 32 34 0



Integration in KNIMEIntegration in KNIME

residuals

DModX

T2

latent variables

RP model

PCA / RP model

Prediction
workflow

Applicability domain 
check workflow



IntegrationIntegration in KNIMEin KNIME

OPLS model

residuals

DModX

T2

latent variables
OPLS model

Prediction
workflow

Applicability domain 
check workflow



IntegrationIntegration in KNIMEin KNIME

Naïve Bayes classifier

predictions

latent variables
residuals

DModX

T2

OPLS-DA / Naïve Bayes model

Prediction
workflow

Applicability domain 
check workflow



ConclusionConclusion

• 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


