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High Value Properties of
CAESAR Models

A High quality of data

A Out-of-sample validation of models
A Reproducibility

A Transparency

A Application domain

A Ready and Easyo-use

WORKSHOP
QSAR MODELS
ron REACH
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Visions for CAESAR Models

Implementation of

Hybrid models from existing models

Optimisation according to FN and FP costs
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Hybrid QSAR Models: Motivation

A On noisy, uncertain data sets a number of models
can be built, which are comparable with respect to
LINBRAOUAZ2Y | OOdzN) O d 06 A\

A Commonly, a model is a simplified reflection of the

complex reality, only. It describes a specific part of
UKS 202S0O0Wa O0SKI @A 2N

So why only use one model?
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Hybrid QSAR Models: Motivation

A Amore complete reflection of the realitgn be
obtained when combining several models:
I Different modeling approaches
I Different input data
I Different parameters

A Increased prediction accuraofup to about 10% is
possible.
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Hybrid QSAR Models: Principle
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Optimal composition of a number of individual mode&ls one combined model
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Visions for CAESAR Models

Implementation of

Hybrid models from existing models

Prediction interval and uncertainty

Optimisation according to FN and FP costs
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u n
Prediction: Common|
: y
Reprotoxicity for Acetohexamide Reprotoxicity for Acid(isotretinoin) Reprotoxicity for Cimetidine

@ Experienced
O Predicted

@ Experienced
O Predicted

@ Experienced
O Predicted

Reprotoxicity
Reprotoxicity

Reprotoxicity

Regression models
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Predicted Class Value Predicted Class Value Predicted Class Value % o
reprotoxic reprotoxic reprotoxic 6 g
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CAES 4R

Prediction Interval

Reprotoxicity for Acetohexamide Reprotoxicity for Acid(isotretinoin) Reprotoxicity for Cimetidine

reprotoxic
reprotoxic
reprotoxic

Classification and
regression models

@ Experienced @ Experienced @ Experienced
O Predicted Most O Predicted Most O Predicted Most
Likely Likely Likely
g : :
g g 3
g g g o
Per compound prediction uncertainfailable for decisiomaking
Freedom of choice
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CAdES 4R

Prediction Interval

Reprotoxicity for Ephedrine Reprotoxicity for Folic Acid Reprotoxicity for Warfarin

@ Experienced @ Experienced @ Experienced
O Predicted Most [ Predicted Most O Predicted Most
Likely Likely Likely
-0,27
-0,49

Uncertainty is huge for experimental datdready
We cannot expect QSAR modaldt on this databeing less uncertain
than the original information is.

reprotoxic
reprotoxic
reprotoxic

Classification and
regression models

non-reprotoxic

non-reprotoxic
non-reprotoxic
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Visions for CAESAR Models

Optimisation according to FN and FP costs

Implementation of
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Classification: Current Praxis

Given:51F G &aSi 2F SELISNAYSy(lFft @I fdsSa |
100 compounds are carcinogenic (Positive)
100 compounds are not carcinogenic (Negative)

Balanced classifier

Confusion Truth: Truth:
Matrix Positive Negative

Predicted:
Positive

Accuracy

Sensitivity

Predicted: .
Specificity

Negative

Balanced sensitivity and specificity
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Costsensitive Models

What if there aredifferent costdor misclassified compounds (FP/FN) andidferent
benefitsfor correctly classified compounds (TP/TN)2» Real-world scenario

High relative False Negative costs Balanced classifier

Cost-Benefit Truth: Truth: CoriiEon Truth: Truth:
Maitrix Positive Negative Matrix Positive Negative

Predicted:
Positive

Predicted:
Positive

Predicted:
Negative

Predicted:
Negative

Cost/comp Relative 3.2%
ound cost
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Costsensitive Models

Using a costsensitive approacto find the optimal classifier for costbenefit matrix:
False Negative Optimisation

High relative False Negative costs False Negative optimised classifier

Cost-Benefit Truth: Truth: CoriiEon Truth: Truth:
Maitrix Positive Negative Matrix Positive Negative

Predicted:
Positive

Predicted:
Positive

Predicted:
Negative

Predicted:
Negative

Benefit/co
mpound

Relative
benefit
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Costsensitive Models

How does the balanced classifier perform in theerse situation?
False Positive Optimisation

High relative False Positive costs Balanced classifier

Cost-Benefit Truth: Truth: CoriiEon Truth: Truth:
Maitrix Positive Negative Matrix Positive Negative

Predicted:
Positive

Predicted:
Positive

Predicted:
Negative

Predicted:
Negative

Cost/comp 0.14 Relative 5.6%
ound cost
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Costsensitive Models

Using a costsensitive approacto find the optimal classifier for costbenefit matrix:
False Positive Optimisation

High relative False Positive costs False Positive optimised classifier

Cost-Benefit Truth: Truth: CoriiEon Truth: Truth:
Maitrix Positive Negative Matrix Positive Negative

Predicted:
Positive

Predicted:
Positive

Predicted:
Negative

Predicted:
Negative

Benefit/co
mpound

Relative
benefit
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Costsensitive Models

One Example QSAR Model

Summary Balanced | Optimised

Benefits Classifier Classifier
FN

Minimisation
FP

Minimisation

-3,2 % 11,8 %

-5,6 % 1,8 %

Balanced 24.1 % 24.1 %

Values in one column are not comparable
since based on different costenefit matrices.
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Costsensitive Models

A Apparently, there is anptimal classifier for given
costbenefit matrix and model; balanced classifier
optimal only for balanced costs/benefits

A Objective accuracyand costdriven optimisatiorof
FP or FN

A Live optimisation according to given costs by the
user at runtime
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Hybrid Models

Prediction
Interval

Cost-sensitive
Models
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Visions: Summary

AMore complete reflection of the complexity of the problem
Alncreasing prediction accuracy

ALive, objective accuraegnd costdriven optimisation of a model
for minimising FN or FP

AFinally, the purpose of a QSAR prediction, the evaluation task
used for, is driving the model result

ADealing with uncertainty of results



