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Virtual Screening Experiment
21 Models, 3 Assays, 7 Months
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Every attempt had been made to ensure a well-chosen

training/test/validation split to stop 2D working!

With the exception of the fully automated 2D approach (BKD) all methods
were considered by experts to be the

Original slide from Paul Bamborough



Automation Drivers in QSAR
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GSK Automated Modelling Environment (AME)
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The power of automation

Over a period of weeks
>11,000 models built
326 endpoints

Data sets from 1007 180K
data points

Also allows us to get answers
to strategic questions
Which descriptors work best?

Which statistical methods
work best?

What combinations work best?

Do larger data sets -> better
models?

Effects of parameterisation,
data preparat.i

> ESP Home

Model Performance Monitoring(ModP)
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An Automated Modelling Environment

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?
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QSAR Workbench: Automating the Expert

ROC Curve for Model_1 (Accuracy 0.959: Excellent)
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Benefits

Maintainability Capturing workflow
Workflows and components ABig Green But't
Self-contained system Part or whole of workflow

Reduced reliance on external : : : :
groups Direct integration with

Extensability existing systems for model
New descriptors publication
New modelling methods Automated model reporting

Greater flexibility and publication
Modeller closer to code => Web-services
buy-in Building and exploring

Encapsul at es fgrgemdelispaces
knowledge

GSK descriptors
GSK model parameterisation



Examples of Statistical Methods

Least-Squares

k-Nearest-
Neighbor (kNN)

R Linear
Discriminant
Analysis (LDA)

Partial-Least-Squares
(PLS)

R Neural Network

R Principal Components
(NN)

Regression (PCR)

Recursive Partitioning
(RP) tree

R Support Vector
Machine (SVM)

Genetic Function Bayesian learning

Approximation (GFA)
RP Forest

Continuous ~  Categorical
Response Response



Sharing the science

Regression Error Characteristic Curves

REC curves facilitate visual Training Set Absolute Deviation Residual REC Flot of Model_53

wversus Mull Hypothesis

comparison of regression based Lo —
models with each other and the null 0o

model. ozl AOC

REC curves plot the error tolerance 0.7

on the x-axis and the accuracy of a z 06

regression function on the y-axis. gos The mean (null
The AOC represents the expected 04 rhgﬁfetgeeﬁt'?tﬁnewe'
model error A
Using REC curves, non-experts can o ROC curve
quickly evaluate the relative merits of z;

regression based models without =T T O
consulting tables or other graphs Restdual Error: Absolute Deviation

W Model_53 (40C: 0.1459) @ Mull Hypothesis A0OC: 0.3022)

Regression Error Characteristic Curves, Jinbo Bi, Kristin P. Bennett, Proceedings of the
Twentieth International Conference on Machine Learning (ICML-2003), Washington DC,
2003.



http://www.hpl.hp.com/conferences/icml2003/papers/321.pdf
http://www.hpl.hp.com/conferences/icml2003/papers/321.pdf

Creating a New Project

gf)iaccelrysﬂ QSAR Workbench nmalcelm is logged in

logout

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

Expert mode

Projects
x Delete
Project Name # Models # Compounds  Last Accessed Status -—
3 = Mutagenicity 168 3385 05 May 2011 17:30 WV VOV VY
Q A BCF 138 304 05 May 2011 14:35 VIV IV IV I IV Open Project
% £ SS Binary2 120 209 04 May 2011 15:51 WV VIV
Create New Project & ss Binary! 180 209 06 May 2011 14:35 VIV IV IV IV IV
= MAo 74 1650 06 May 2011 15:43 [V IV IV P
= ss 90 209 06 May 2011 13:19 WV VIV

Create New Project x| Bulld Model ﬁ A u t O m a. t e d

Step 1 of 2: Enter Project Details accord | ng to

Required fields are marked with an asternx *

il e preconfigured
expert settings

Data Sowrce * D:\Program Fies\Accelrys\PP80\publc\users\nmaicoim\De|_F

Data Source Format * SD ~]

{ the first sheet in the workbook must contain the smiles colur
s discarded

le must have a column called smiles

Create New Project 3

Step 2 of 2: Enter Response Details

Required fields are marked with an asterix ™

Project Name DevTox
Data Source _\nmalcolm\DevTox_dataset sdf
Data Source Format SD

Response Property Field * CAS Num

Class E
Type of model to build * Mol_ID
MoffileName
Name
SMILES
Name MolfileName CAS Num SMILES Class Mol_ID
Acetaldehyde Structure 75-07-0 CC=0 Non-toxicant 1
Acetaminophen Structure2 103-90-2 CC(=0)NC1=CC=C[0)C=C1 Mon-toxicant 2
Acetazolamide Structure3 59-66-5 CC(=0NCI=NN=C({S1)S(N)[=0)=0 Mon-toxicant 3
Acetohexamide Structured 968-81-0 CC{=0)C1=CC=C(C=C1)S(=0)(=0)NC{=0)NC2CCCCC2 Developmental 4
Toxicant
Acid(isotretinoin)  Structures  4759-48-2 CCC=C\C1=C{C)CCCTA(C)CIEC/C=C/C(C)=C\C(0)=0  Developmental 5
Toxicant o

Allantoin Structuref 97-69-6 NC({=0)NCINC{=0)JNC1=0 Mon-toxicant 6



Expert Interface: Data Preparation

‘(;\ ® = nmalcolm is logged in
\..J_,waccelrys QSAR Workbench = DevTox —
N = & - @

Prepare Data Split data Descriptors Build Model Validate Model Publish Home
Prepare Data Tasks <<| | Prepare Chemistry =
Ax Prepare Chemistry Generate 3D Coordinates © Yes @ No

A5 Prepare Response Adé Hydrogens @ Yes © No Chem|Stry
Strip Salts @ Yes © No Standardlzatlon

Prepare Data Results Standardize Malecule ® Yes © No

lonize at pH @ Yes © No

@;\ ° = nmalcolm is logged in
<) accelrys’ QsAR Workbench = DevTox logout
=2 ‘ < B & ® 2
Prepare Data Split data Descriptors Build Model Validate Model Publish Home
Prepare Data Tasks <!  Prepare Response =

A5 Prepare Chemistry This task reads the original response property and (if itis continuous) scales it according to the selected

option.
oty [FOEEEIE REETIEE You can also convert a numeric response property to a ordinal one (as a set of increasing integers).
Response property name Class
Prepare Data Results Response Data Info Response property data type Categorical
File Name & Type of model to build Categorical
{©! Prepare Chemistry Details Operation Mean Center and Scale to Unit Variance [+

8| Prepare Chemistry Results

Mean Center and Scale to Unit Variance
ubmr Scale to Unit Range
Scale between minus One and One Res ponse
Natural Log

Divide by Mean normalization

Convert to Categorical Response
Create Binary Categories




Model Triage | T Browse Model

Model 1 Build Report

ROC Plots

Accuracy : 0.92 ( Excellen
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Statistics

Sensitivity
Specificity
Kappa

Size

Build Parameters

Model Type

Split Id

Descriptor Subset
Parameter Set

Created On

Model Parameters

PP Bayes Options

PP Bayes NumberQOfBins
PP Bayes Learn Options

Training
0.69
0.96
059
234

PP Bayes
Random&0
Estate
Default

Test
044
0.81
023
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