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A Request of the computational toxicity
predictors

A QSAR modeling approaches

A Applications
I Hybrid QSARmModeling ofrodent toxicity
I Hierarchical QSAR modeling of rodent toxicity



The Compounds Need to be
Screened

High Production Volume (HPV)
Pesticides
Drinking Water (DW) components

To T> T

Around 15,000 compounds total need to be
tested.

What we have known are less than 500.



Toxicity Prediction Today
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Toxicity Evaluation System

Standard rodent Alternative Biochemical- and cell-based
toxicological tests animal models in vitro assays

1-3 studies/year 10-100/year 100-10,000/year >10,000/day

Human experience

Computational toxicology Critical toxicity pathways

Collins, F. S., Gray, G. M. and Bucher J.9Rience2008,319,906-907



STRUCTURE REPRESENTATION

naphtalen-1-amine
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Viewed by
computers




Viewed by
computers



i i Graphs are widely used to represent
H, fc, Jo, M and differentiate chemical structures,
where atoms are vertices and bonds
are expressed as edges
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Principles of QSAR/QSPR modeling \ Introduction
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Principles of QSAR/QSPR modeling
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UsingIn Vitro Assay Results as Descriptors In
QSAR Modeling ofin Vivo Endpoints

Molecular Properties |




Predictive QSAR Workflow*

A 4

Y-Randomization

Multiple
Training Sets

\ 4

\4

Original Splitinto Combi-QSPR
Dataset Training, Test, Modeling
and External
Validation Sets !
| Only accept models
Experimental | Multiple Activity that have a
Validation of TestSets | | Prediction | o> 0.6
Prioritized Alerts R2> 0.6, etc.
Poptreeriligﬁl(jsr;gt External validation Validated Predictive
Alerts to Yl Using Applicability s Models with High Internal |«—
Prioritize for Domain (AD) & External Accuracy
Testing

*Tropsha, A.,* Golbraikh, A. Predictive QSAR Modeling Workflow, Model
Applicability Domains, and Virtual Screening. Curr. Pharm. Des., 2007, 13; 3®4



Applicability Domain in QSAR Studies

Slide courtesy of Dr. GilleKlopman MultiCASE Inc.



