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Building QSAR Models to Guide Drug
Design




Workshop Objectives

wBuilding predictive models
b Automatic model building tool

wUsingin silicoand experimental data to make
decisions
b Compound prioritisation
b Visualisation tools
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Workshop Program

w Automatic model generation process

Exercise & Building category model of BBB penetration
Exercise Z Building continuous model of iechannel affinity

w Compound prioritisation
b Using scoring to identify compounds with a balance of properties

w Interactive redesign

b Making the link between structure and predicted property

Exercise & Prioritising compounds and using predictive models for
compound redesign

w Balancing diversity and quality

Exercise € Chemical space: Selecting diverse compounds with a good
balance of properties

Py W .
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Automatic Model Generation




Automatic Model Generation

wSplitting data into training,
Data set validation and test sets

b cluster analysis by structural
similarity at certain Tanimoto level

bY based
b random
b manual split

wDescriptor calculation and filtering
L 2D SMARTS, logP, TPSA, charge...
L user defined SMARTS

b imported descriptor values, e.qg.
experimental data

~optibrium
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Automatic Model Generation

wModelling techniques applied to
training set
b Partial Least Squares (PLS)

L Radial Basis Functions with Genetic
Algorithm

b Gaussian Processes
b Decision Trees (category models)

Data set

wSelection of the best model by
| = | Best performance on the validation set
Build model b R2, RMSE for continuous models
TRl M GPs b Accuracy, kappatatistic for

category models

Evaluate Test the
multiple best

models model A\
optibrium

wTest set is amdependentset
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Automatic Model Generation

Data set

Evaluate Test the
multiple best
models model

© 2009 Optibrium Ltd.
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Modelling Techniques: Gaussian Processes

w A machine learning method based on Bayesian approach

w Advantages:

b Does not require a priori determination of model parameters
b Nonlinear relationship modelling

b Built-in tool to prevent overtraining no need for crossalidation
b Inherent ability to select important descriptors

b Provides uncertainty estimate for each prediction

w Sufficiently robust to enable automatic model generation

optibrium
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Modelling Techniques: Gaussian Processes

wDefineprior distribution over
functions (controlled by
hyperparameters, covariance function
¢ ARD function)

wPosterior distributiorn retain
functions which fit experimental data

wPredictionis the mean of posterior
distribution.

wStandard deviation of the
distribution provides estimate of the
uncertainty in prediction
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Modelling techniques. Gaussian Processes

Length scale =0.6
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w Learning the Gaussian Process
equivalent to finding hyperparameters

b Length scale parameters (one for each
descriptor)A identification of relevant
descriptors

b Noise parameter

w Find hyperparameters by optimizing
the marginal logikelihood

b It controls the tradeoff between the
model complexity and fit to the datg
no need for croswyalidation, prevents
overfitting, does not require user
Intervention

~optibrium
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Gaussian Processes: Hyperparameters

w Learning the Gaussian Process ~ finding hyperparameters

b Optimize the marginal lefikelihood (prevents overtraning, no need
for validation set)

w Techniques for finding hyperparameters
LACAESRé¢ O tdzSa F2N) f Sy3aidk
b Forward variable selection provides feature selection
b Optimisation by conjugate gradient methods

<
>

computational den@nd

)]

0 Length scales show which descriptors are most relevant
b Nested sampling

o Search in the full hyperparameter space

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

w 2 variables.
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Exercise 1

Building a classification model of blood -
brain barrier penetration

Objectives

b Familiarity with StarDrop and the Autdodeler
b Building classification models
b Familiarity with performance measures for category models

~optibrium
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Performance Measures

Category models

wOverall accuracy

wKappastatistic

¢= (Observed Agreementhance
Agreement)/ (Totat Chance
Agreement)

¢ < 0.4 poor or fair agreement

n ® 1 <986 moderate agreement
n ® € <88 good agreement

n ® Yy <K very good agreement

wSensitivity and specificity in
individual classes

© 2009 Optibrium Ltd.

Confusion matrix

Predicted Predicted

Wh 2 Q W Saag
Observed 17 2
Wb 2 Q
Observed 1 10
Y Sao

C2NJ Wh|E@NJ Y S:
Accuracy 0.94 0.83
(sensitivity)
Specificity | 0.89 0.91

14
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Automatic Models Versus Manual




Automatic Models versus Manual

wa2RSt o0dzAftld WYlydadtfteQ o0& O

w Model from the automatic model generation procegspply
to all compounds in a dataset)

w/ 2YLI NS WIFdzi2YFGA0Q YR WYI
external data set

w Two data sets:

b Bloodhbrain barrier penetration (151 compounds with logBB values)

b Intrinsic agueous solubility ( 3313 compounds with logS values from
PHYSPROP database)

optibrium
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Blood-Brain Barrier Penetration

wWal ydzZr £t Q Y2RSH =
b 2D SMARTS descriptors reduced by FVS,

various modelling techniques (PLS, RBF, NILR) R2 0.73
performance supervised on test set
RMSE | 0.36

L Final model is built by RBF on 7 descriptors _ ) _
6ft 23t FtSEAOAfAOET OKI N‘]?'nés’ngm Keée R N.

4

WwW! dz02Yl GAOQ Y2RSH () [
Processes with nested sampling on 162

descriptors R2val |0.72

R2test | 0.66

ooExternaI set: 143 compounds from RMSE | 0.44
WI 6N KIFYQ &Si _
automatic

L Abraham et al. J.Pharm. Sci., 2006, 95

AN
optibrium
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Blood-Brain Barrier Penetration
Per for mance
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Aqueous Solubility

wManual model is built by RBF method
on ~ 100 descriptors

R2 0.82
coAutomatlc model is pr_oduced by RMSE | 0.79
Gaussian Processes with 2D search
manual
wEXxternal test dat@ 564 compounds
FTNRY Wldzdzal 2y SYQ as
b Huuskonen J., J. Chem. Inf. Comput. Sci., R#val | 0.84
2002, 42 R2 test | 0.85
RMSE | 0.69
automatic
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Aqueous Solubllity

Perf or mance O n external

[ Model Desc | % pred within | % pred within | R Por | RMSE
0.7 log unit +1.4 log unit

manual 108 39.9 70.9 0.68 |0.80 |1.28

automatic [KsJs 54.1 85.9 0.82 [0.86 |0.96
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Exercise 2

Building a continuous model of ion -
channel affinity

Objectives

b Building continuous models
b Familiarity with performance measures for continuous models
b Using the model to predict new compounds

~optibrium
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Performance Measures

Continuous models

wRootmeansquare error

AMG_Hergl 37_20mMar_Model GPFYS

N
RMSE: \/ia (yipred_ yiob5)2
N 2
wCoefficient of determination
a (yipred _ yiob5)2

RZ:l- - b bsy 2
aly-ym)

Predicted

bwu A& RATFFSNByY
squared correlation coefficient

b R2 measures the fit around the
identity line

Bt S I N\ﬁ C%rr]m@.éuremﬂ—t : ! ’ thzr\-’ed ! ’ !
around regression line between
yobs and ered

LR2> 0.5 at least!

Predicted versus observed
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Compound Prioritisation




Industry Challenge

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

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

~optibriurn
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