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Demands of building QSARsS

Needs of Medicinal Chemistry programmes
Introducing the QSAR Workbench
Comments and Discussion

Development of local and global QSAR models remains a key requirement for many drug discovery
programs; however increasing pressure on resources means that experts in specific statistical tools
are not always available. In this presentation we describe the QSAR Workbench, a collaborative
development between GlaxoSmithKline and Accelrys that enables specialists to record and publish
best practices through an easy to use graphical interface. The recorded workflows can be replayed
by both QSAR expert and non-QSAR expert against new datasets. The workbench can be used to
explore the massive potential model space defined though the combinatorial use of different
statistical tools, descriptors-sets and training/test-set splits. The use of Pipeline Pilot to build the
backend framework means that the system is easily extensible in terms of available statistical tools,

descriptors and model analysis methods.



Hello World,
e are from Insilico, take me
to your President

paraphrased from Dennis Smith, DMPK, Pfizer R&D
DDT Vol. 7, No. 21 November 2002

m Computational methods for the drug discovery and development process tend
to exist in a parallel universe in a different time zone.

0 No smodefihgepproach can be used to predict the full range of ADME
properties that are desired?o.

m 0l t i s simadtadeveloparniodels that fit an entire data set, but

typically, such models do not predictn ew data sets well 6.

@ we have already established that conventional screening cannot stretch to
providing the ADME information and guidance in a cost effective and timely
manner, leaving the stage free for the insilicoids to rescuet he wo rlad 06 .

m Thedr eal wo msadlike neverdbdked or e é



Cornerstones of QSAR modelling

DEIL]
AQuality

AAmount
ACoverage
ATrain/Test

Expertise
Resource
Best Practice

Validation Techniques

Descriptors Awide Choice

AMacro Alnterpretative
properties or Blackbox

AStructural AcCategorical or
A2D or 3D Continuous
ARelevance ASoftware




Automation Drivers in QSAR
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QSAR and Drug Discovery process
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QSAR and Medicinal Chemistry

ADMET in silico modelling: towards prediction paradise? Han van de Waterbeemd & Eric Gifford Nature
Reviews Drug Discovery 2, 192-204 (March 2003) | doi:10.1038/nrd1032
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Figure 2 | An analysis of the crucial ADME processes for which predictive models are available or are being developed!’.
This figure does not suggest a logical flow in ADME studies, but rather tries to group the problem areas for which predictive
madels could be of help.




The Promise of Automation

@ Automates the routine work so that modelers are more productive

@ Moves modelers focus from building models to interpreting results
Why did this model outperform all others?

Are there combinations of models that cover molecular space
better?

Are there descriptors that always work well/poorly? Why?
What are the time based performance characteristics?

@ Push acceptable models to deployment
Models web-service

@ Better understanding of model spaces

Can we be better about knowing (quantifying) the reliability of our
predictions?






Accelrys QSAR Workbench

copied from the website!

Rapidly develop, validate and deploy QSAR models

Developed in a collaboration between the Accelrys
Professional Services team and pharmaceutical
company GlaxoSmithKline, the Accelrys QSAR
Workbench is a commercially available, web-based
solution that automates and accelerates the
development, validation and deployment of
predictive Quantitative Structure-Activity Relationship
(QSAR) models.

Built on the Pipeline Pilot platform, the QSAR
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Workbench utilizes native QSAR methods and easily

integrates with other statistical tools—helping experts and non-experts alike save time,
reduce costs, collaborate more effectively and speed research by leveraging robust,
predictive models. The QSAR Workbench reduces modeling time from days to hours and

enables chemists to make faster, better decisions.




QSAR Workbench: Automating the Expert
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QSAR WB GUI

& accelrys”  qsar Workbench

nmalcolm is logged in

Welcome to QSAR Workbench, please use the links below to create a new project or open a previously created project

Projects
K Delete
Project Name # Models #Compounds  Last Accessed
E Mutagenicity 168 3385 05 May 2011 17-30
@ , BCF 138 304 05 May 2011 14:35
al
E 55_Binary2 120 209 04 May 2011 15:51
. £ S5 _Binaryl 180 209 06 May 2011 14:35
Create New Project — —=nay Y
E MAO 74 1650 06 May 2011 15:43
E ss 90 209 06 May 2011 13:19

Create New Project

Step 1 of 2: Enter Project Details

Required fields are marked with an asterix *

Project Name * MAOD
Data Source * data/MAO/maoAct.sd Browse.
[sD

Data Source Format *

Important: For Excel format the|Mol2
column, data on any other sheqsmiles
For smiles format the text file must have a column called smiles.

Status

IS
IS
Y
IS
A
IS

logout

Expert mode

Open Project

NAut omat ed
according to

preconfigured

expert settings

Create New Project

Step 2 of 2: Enter Response Details

Required fields are marked with an asterix *

Project Name MAO

Data Source ...data/MAO/macAct.sd

Data Source Format SD

Response Property Field * Activity j

& Continuous
Type of model to build *
i " Categorical

Back Preview File



Build Models Button

‘ﬁ-x nmalcolm is logged in

\:.,)\aCCEII’yS’ QSAR Workbench logout
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Model Name Model Type Sensitivity (Tr...  Specificity (Tr... = Kappa (Train) Size (Train) Sensitivity (Test)  Specificity (Te...  Kappa (Test) Size (Train) Split Id Descriptor... ’:J
(= PP Bayes (7 Models) i
H & Model_1 PP Bayes 089 0.96 059 234 044 0.81 023 58 Random80 Estate ™ | E
H ¢ Model_6 PP Bayes 0.95 0.99 0.93 234 075 0.77 0.52 53 Randoma0 FP il
H & Model_11 PP Bayes 0.80 0.67 047 234 072 0.62 0.34 53 Randoma0 MalProps (&
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Model Triage | i

Model 1 Build Report
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Kappa
Sensitivity
Specificity

Size

Build Parameters

Model Type

Split Id

Descriptor Subset
Parameter Set
Created On
Maodel Parameters
R SVM Options

R SV
TypeOfPropertyToLeamn

R SVM Gamma

R SVM Cost

R SVM CrossValidate

R 8VM CrossValidationFolds
R SVM SVM Options

R SVM Type
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R SVM Nu

R SVM Kermnel
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Model Triage II'T Compare Models of interest

Analyse Models =

R2 Train vs R2 Test Rec Plot over all models
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Key Automated feature choices T Train and Test

set splitting choices

8 Random:

O Diverse Molecules:

8 Random Per Cluster:

O Individual Clusters
(Optimised):

O Individual Clusters
(Random)

& What ratio of A/B should
we choose?




Key Automated feature choices T Descriptor

subset selections and combinations

E SciTegic Descriptors
AlogP Group
Estate Keys
Fingerprints
Molecular Properties2D
Molecular Property Counts
Surface Area and Volume2D
Topological Descriptors

E GSK Descriptors
In house developed sets

Prozac



Key Automated feature choices i Modelling
Technigues

Linear
Discriminant
Analysis (LDA)

Recursive Partitioning
(RP) tree

Bayesian Classifier




