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Virtual Screening Experiment
21 Models, 3 Assays, 7 Months

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 ñbestò

BKD (2D fps), Docking, other 2D

Docking, RP, Pharmacophore fps, 

system biased shape

More 3D, Shape

Original slide from Paul Bamborough



Automation Drivers in QSAR

Technology

Maximise

impact of 

QSAR 

experts



Multiple projects

GSK Automated Modelling Environment (AME)

1 project: multiple descriptor sets, 

models



The power of automation

Over a period of weeks

ï>11,000 models built

ï 326 endpoints

ïData sets from 100 ï180K 
data points

Also allows us to get answers 
to strategic questions

ïWhich descriptors work best?

ïWhich statistical methods 
work best?

ïWhat combinations work best?

ïDo larger data sets -> better 
models?

ïEffects of parameterisation, 
data preparation, é.



An Automated Modelling Environment

Automates the routine work so that modelers are more productive

Moves modelers focus from building models to interpreting results

ïWhy did this model outperform all others?

ïAre there combinations of models that cover molecular space 
better?

ïAre there descriptors that always work well/poorly?  Why?

ïWhat are the time based performance characteristics?

Push acceptable models to deployment

ïModels web-service

Better understanding of model spaces

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



Process Management                                                   

AME System Architecture

Response

Provider

Adapters

Compound

Dimension

Flat

Files

Descriptor

Provider Adapters

Data

Marts

Kate
Asynchronous

Task

Runner

Final

Model

DB

Application Services

Blades Desktops

Model Builders

(exe, service)

DNNI

United Devices

Process Builders

CV Brute Param. Simple

UI

System

State

Descriptor Provider

Services

Project Validator

Distributed Job Manager                     



Select 
Dataset

Prepare 
Response

Prepare 
Chemistry

Calculate 
Descriptors

Split 
Dataset

Analyse 
Split

Select 
Descriptor 

Subset

Build 
Model

Validate 
Model

Compare 
Models

Publish 
Model

QSAR Workbench:  Automating the Expert



Benefits

Maintainability
ïWorkflows and components

ïSelf-contained system
Reduced reliance on external 
groups

Extensability
ïNew descriptors

ïNew modelling methods

Greater flexibility
ïModeller closer to code => 

buy-in

Encapsulates ñexpertò 
knowledge
ïGSK descriptors

ïGSK model parameterisation

Capturing workflow

ïñBig Green Buttonò

Part or whole of workflow

Direct integration with 

existing systems for model 

publication

ïAutomated model reporting 

and publication

ïWeb-services

Building and exploring 

large model spaces



Examples of Statistical Methods

Partial-Least-Squares

(PLS)

Least-Squares

k-Nearest-

Neighbor (kNN)

Genetic Function

Approximation (GFA)

Recursive Partitioning

(RP) tree

R Linear 

Discriminant

Analysis (LDA)

Bayesian learning

R Neural Network

(NN)

RP Forest

R Principal Components

Regression (PCR)

R Support Vector

Machine (SVM)



Sharing the science
Regression Error Characteristic Curves

REC curves facilitate visual 

comparison of regression based 

models with each other and the null 

model.

REC curves plot the error tolerance 

on the x-axis and the accuracy of a 

regression function on the y-axis. 

The AOC represents the expected 

model error

Using REC curves, non-experts can 

quickly evaluate the relative merits of 

regression based models without 

consulting tables or other graphs

AOC

Regression Error Characteristic Curves, Jinbo Bi, Kristin P. Bennett, Proceedings of the 

Twentieth International Conference on Machine Learning (ICML-2003), Washington DC, 

2003.

The mean (null 

hypothesis) model 

represents the 

equivalent of the 

random model in a 

ROC curve

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


Creating a New Project

ñAutomatedò builder 

according to 

preconfigured 

expert settings

Expert mode



Expert Interface: Data Preparation

Chemistry 

standardization

Response 

normalization



Model Triage I ïBrowse Model


