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Workshop Objectives

ωBuilding predictive models

ҍAutomatic model building tool

ωUsing in silico and experimental data to make 
decisions

ҍCompound prioritisation 

ҍVisualisation tools
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Workshop Program

ωAutomatic model generation process 

Exercise 1ςBuilding category model of BBB penetration

Exercise 2ςBuilding continuous model of ion-channel affinity

ωCompound prioritisation

ҍ Using scoring to identify compounds with a balance of properties

ωInteractive redesign

ҍMaking the link between structure and predicted property 

Exercise 3ςPrioritising compounds and using predictive models for 
compound redesign 

ωBalancing diversity and quality

Exercise 4ςChemical space: Selecting diverse compounds with a good 
balance of properties 
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Automatic Model Generation

Auto-Modeler
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Automatic Model Generation

ωSplitting data into training, 
validation and test sets 

ҍcluster analysis by structural 
similarity at certain Tanimoto level

ҍY based

ҍrandom

ҍmanual split

ωDescriptor calculation and filtering

ҍ2D SMARTS, logP, TPSA, charge... 

ҍuser defined SMARTS

ҍimported descriptor values, e.g. 
experimental data 

Data set

trn val test
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Automatic Model Generation

ωModelling techniques applied to 
training set

ҍPartial Least Squares (PLS)

ҍRadial Basis Functions with Genetic 
Algorithm

ҍGaussian Processes

ҍDecision Trees (category models)

ωSelection of the best model by 
performance on the validation set 

ҍR², RMSE for continuous models

ҍAccuracy, kappa-statistic for 
category models 

ωTest set is an independentset

Data set

trn val test

Build
models

PLS

RBF

GPs

Best
model

Evaluate 
multiple 
models

Test the 
best 
model
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Automatic Model Generation

Data set

trn val test

Build
models

PLS

RBF

GPs

Best
model

Evaluate 
multiple 
models

Test the 
best 
model

New compounds

Prediction 
Confidence

Estimation of uncertainty 
with each prediction
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Modelling Techniques: Gaussian Processes

ωA machine learning method based on Bayesian approach 

ωAdvantages:

ҍDoes not require a priori determination of model parameters 

ҍNonlinear relationship modelling  

ҍBuilt-in tool to prevent overtraining - no need for cross-validation

ҍ Inherent ability to select important descriptors 

ҍProvides uncertainty estimate for each prediction

ωSufficiently robust to enable automatic model generation
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Modelling Techniques: Gaussian Processes

ωDefine prior distribution over 
functions (controlled by 
hyperparameters, covariance function 
ςARD function)

ωPosterior distribution: retain 
functions which fit experimental data

ωPredictionis the mean of posterior 
distribution.

ωStandard deviation of the 
distribution provides estimate of the 
uncertainty in prediction

f(x)

x

Functions from the 
prior distribution

f(x)

x

Functions from 
the posterior
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Modelling techniques. Gaussian Processes

ωLearning the Gaussian Process  
equivalent to finding hyperparameters

ҍLength scale parameters (one for each 
descriptor) Ą identification of relevant 
descriptors

ҍNoise parameter 

ωFind hyperparameters by optimizing 
the marginal log-likelihood

ҍIt controls the trade-off between the 
model complexity and fit to the data Ą
no need for cross-validation, prevents 
overfitting, does not require user 
intervention

Length scale =0.6

Length scale =1.2
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Gaussian Processes: Hyperparameters

ωLearning the Gaussian Process  ~ finding hyperparameters

ҍOptimize the marginal log-likelihood (prevents overtraning, no need 
for validation set)

ωTechniques for finding hyperparameters

ҍάCƛȄŜŘέ ǾŀƭǳŜǎ ŦƻǊ ƭŜƴƎǘƘ ǎŎŀƭŜǎΦ {ŜŀǊŎƘ ŦƻǊ ƴƻƛǎŜ ǇŀǊŀƳŜǘŜǊ 

ҍForward variable selection provides feature selection 

ҍOptimisation by conjugate gradient methods

o Length scales show which descriptors are most relevant 

ҍNested sampling 

o Search in the full hyperparameter space  

o Search does not get trapped in local maxima   
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Gaussian Processes: Nested Sampling

ω2 variables. 

ωFind maximum of likelihood:

variable 1

va
ri
a

b
le

 2
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Exercise 1

Building a classification model of blood -

brain barrier penetration

Objectives

ҍFamiliarity with StarDrop and the Auto-Modeler

ҍBuilding classification models

ҍFamiliarity with performance measures for category models
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Performance Measures
Category models

ωOverall accuracy

ωKappa-statistic

=ˁ (Observed Agreement- Chance 
Agreement)/ (Total ςChance 
Agreement)

<ˁ 0.4 poor or fair agreement

лΦпҖ <ˁ0.6 moderate agreement

лΦсҖ <ˁ0.8 good agreement

лΦуҖ <ˁ1 very good agreement

ωSensitivity and specificity in 
individual classes

Predicted 
ΨbƻΩ

Predicted 
Ψ¸ŜǎΩ

Observed 
ΨbƻΩ

17 2

Observed 
Ψ¸ŜǎΩ

1 10

Confusion matrix

CƻǊ ΨbƻΩCƻǊ Ψ¸ŜǎΩ

Accuracy 
(sensitivity)

0.94 0.83

Specificity 0.89 0.91
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Automatic Models Versus Manual

Experiment
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Automatic Models versus Manual

ωaƻŘŜƭ ōǳƛƭǘ ΨƳŀƴǳŀƭƭȅΩ ōȅ ŎƻƳǇǳǘŀǘƛƻƴŀƭ ŎƘŜƳƛǎǘǎ

ωModel from the automatic model generation process (apply 

to all compounds in a dataset)

ω/ƻƳǇŀǊŜ ΨŀǳǘƻƳŀǘƛŎΩ ŀƴŘ ΨƳŀƴǳŀƭΩ ƳƻŘŜƭǎ ōȅ ǘŜǎǘƛƴƎ ƻƴ 
external data set

ωTwo data sets:

ҍBlood-brain barrier penetration (151 compounds with logBB values) 

ҍ Intrinsic aqueous solubility ( 3313 compounds with logS values from 
PHYSPROP database) 
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Blood-Brain Barrier Penetration

ωΨaŀƴǳŀƭΩ ƳƻŘŜƭ 

ҍ2D SMARTS descriptors reduced by FVS, 
various modelling techniques (PLS, RBF, MLR) ς
performance supervised on test set

ҍFinal model is built by RBF on 7 descriptors 
όƭƻƎtΣ ŦƭŜȄƛōƛƭƛǘȅΣ ŎƘŀǊƎŜΣ ƘȅŘǊƻƎŜƴ ōƻƴŘƛƴƎΧύ

ωΨ!ǳǘƻƳŀǘƛŎΩ ƳƻŘŜƭ ōǳƛƭǘ ōȅ Dŀǳǎǎƛŀƴ 
Processes with nested sampling on 162 
descriptors

ωExternal set: 143 compounds from 
Ψ!ōǊŀƘŀƳΩ ǎŜǘ 

ҍAbraham et al. J.Pharm. Sci., 2006, 95

Test set

R² 0.73

RMSE 0.36 

Val+Test  set

R² val 0.72

R² test 0.66

RMSE 0.44 

manual

automatic
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Blood-Brain Barrier Penetration 
Performance on external ôAbrahamõ test set

Model RMSE 
pred

% pred within 
±0.4 log unit

% pred within 
±0.8 log unit

R² r²corr RMSE

manual 0.36 62.9 93.0 0.39 0.44 0.44

automatic 0.44 63.6 90.9 0.27 0.36 0.49

manual automatic
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Aqueous Solubility

ωManual model is built by RBF method 
on ~ 100 descriptors 

ωAutomatic model is produced by 
Gaussian Processes with 2D search

ωExternal test data ς564 compounds 
ŦǊƻƳ ΨIǳǳǎƪƻƴŜƴΩ ǎŜǘ 

ҍHuuskonen J., J. Chem. Inf. Comput. Sci., 
2002, 42

Test set

R² 0.82

RMSE 0.79 

Val+Test  set

R² val 0.84

R² test 0.85

RMSE 0.69 

manual

automatic
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Aqueous Solubility
Performance on external ôHuuskonenõ test set

manual automatic

Model Desc % pred within 
±0.7 log unit

% pred within 
±1.4 log unit

R² r²corr RMSE

manual 108 39.9 70.9 0.68 0.80 1.28

automatic 166 54.1 85.9 0.82 0.86 0.96

p
re

d
ic

te
d

p
re

d
ic

te
d

observed observed



© 2009 Optibrium Ltd. 21

Exercise 2

Building a continuous model of ion -

channel affinity

Objectives

ҍBuilding continuous models

ҍFamiliarity with performance measures for continuous models

ҍUsing the model to predict new compounds
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Performance Measures
Continuous models

ωRoot-mean-square error 

ωCoefficient of determination

ҍwч ƛǎ ŘƛŦŦŜǊŜƴǘ ŦǊƻƳ tŜŀǊǎƻƴΩǎ 
squared correlation coefficient

ҍR² measures the fit around the 
identity line

ҍtŜŀǊǎƻƴΩǎ Ǌчcorr measures fit 
around regression line between 
yobsand ypred 

ҍR² > 0.5 at least!   
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Compound Prioritisation

Probabilistic Scoring



© 2009 Optibrium Ltd. 24

10,000 compounds through 8 models is
80,000 data points!

Q. How do you use this data 
to make decisions?

Industry Challenge


