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An overview of Informatics for ChemistsAn overview of Informatics for Chemists
(concentrating on data and SAR)(concentrating on data and SAR)(concentrating on data and SAR)(concentrating on data and SAR)



Informatics…a ‘new’ word …Informatics…a ‘new’ word …Informatics…a new  word …Informatics…a new  word …

[informat(ion) + [informat(ion) + --ics.]ics.][ ( )[ ( ) ]]
23 million hits on Google23 million hits on Google
The central notion is the The central notion is the transformation of informationtransformation of information

Chemoinformatics (also known as cheminformatics and Chemoinformatics (also known as cheminformatics and 
chemical informatics) is the use of computer and chemical informatics) is the use of computer and 
i f i l h i li d id fi f i l h i li d id finformational techniques, applied to a wide range of informational techniques, applied to a wide range of 
problems in the field of chemistry.problems in the field of chemistry.

I would add the collection, transformation and visualisation I would add the collection, transformation and visualisation 
of of chemical datachemical data to extract a deeper knowledge of the to extract a deeper knowledge of the 
underlying properties of the dataunderlying properties of the dataunderlying properties of the data.underlying properties of the data.



They knew aboutThey knew about 
‘chemoinformatics’ before the 
word was coined

M P t d J h K dMax Perutz and John Kendrew
admire the structure of 
haemoglobin, and Watson and 
Crick with DNA.



They knew aboutThey knew about 
‘chemoinformatics’ before the 
word was coined

M P t d J h K dMax Perutz and John Kendrew
admire the structure of 
haemoglobin, and Watson and 
Crick with DNA.

The fundamental idea is that 
the use of models, built from
experimental data and theoryexperimental data and theory, 
can profoundly influence our 
philosophy of science 

– this is what we spend most 
of our time doing with chemical 
data, and it’s easier now with 
computers – especially as datacomputers – especially as data 
is available as never before…



A hundred BILLION (Chemoinformatics) A hundred BILLION (Chemoinformatics) 
h ll d t itih ll d t iti

Biological data

challenges and opportunitieschallenges and opportunities

Chemical dataBiological data

• 91,170,934,6353 nucleotide bases

•over 800 organisms

510792 t i t l

•95 million chemical substances

•3,700,000 chemical reactions

•613,000 available reagents

Patents
•European patents – 150,000,000 
pages
•150,000 applications/year
450 000 h i l•510792 protein x‐ray,nmr crystal 

structures

•23 million citations in medline

• 40 main stream databases from EBI

g

•Bielstein has 600,000 reaction 
abstracts

•>270,000 organic x‐ray structures

•450,000 chemical patent 
hyperstructures
•Over 100 countries in patent 
cooperation treaty (PCT)

•Ensemble : 24 million gene 
predictions

•Combichem libraries of Billions of 
compounds

This is just some of the biological, chemistry and patent space – its 
very big !. The role of chemoinformatics is the collection, analysis and 
interpretation of these data. 



Simulation
Experimental
Measurements

Computation of
Properties The InternetMeasurements Properties The Internet

Data harvesting
Data processing
E-science

Methods for the storage
Of molecular dataData

The other informatics
Sciences 
(bioinformatics
‘Omics materialsOf molecular data

Statistical methods Machine Learning Visualisation

Data
Pipelining

Omics, materials,
Polymers…..

Statistical methods
Signal processing

Machine Learning
Chemometrics
Pattern Recognition

Visualisation

Structure Activity Relationships
Structure Property Relationships

Compound selection
And design

Some of the Structure Property Relationships
Design rules…‘world’ of

Chemoinformatics



If you are searching the literature, SciFider 
Scholar results:-

Chemoinformatics and
Cheminformatics  (664 
entries) from 1996-2007

Bioinformatics (35,962 entries)
1999 20071999-2007

Chemistry AND informatics (1965-2007)Chemistry AND informatics  (1965 2007)
4,795 entries

To find applications of chemoinformatics, you need
additional keywords (because a lot of 
chemoinformatics is not called chemoinformatics).
See the Journal of Chemical Informatics and 
Modelling for ideas on keywords.



‘‘ChemoinformaticsChemoinformatics’ is, of course, pervasive, ’ is, of course, pervasive, 
and refers to all aspects of data on chemicaland refers to all aspects of data on chemicaland refers to all aspects of data  on chemical and refers to all aspects of data  on chemical 
problems and how it is stored and analysed,problems and how it is stored and analysed,
so we could potentially be here for the nextso we could potentially be here for the nextso we could potentially be here for the next so we could potentially be here for the next 
three hours…three hours…

I will just look at two general areas and give someI will just look at two general areas and give someI will just look at two general areas and give some I will just look at two general areas and give some 
observations about data and SARobservations about data and SAR

What data do we collectWhat data do we collect why it matters how wewhy it matters how weWhat data do we collect What data do we collect –– why it matters how we why it matters how we 
store the datastore the data
Structure/activity modelsStructure/activity models –– use/misuse anduse/misuse andStructure/activity models Structure/activity models –– use/misuse and use/misuse and 
applicabilityapplicability



Henri Poincaré (mathematician)
“ S i i b ilt f f t h i“ Science is built up of facts, as a house is 
built of stones; but an accumulation of facts 
is no more a science than a heap of stones 
is a house“

– This is central to chemoinformatics : particularly 
when we turn data into models, how do we know 
the models are real or even useful ?

– They need 

– the availability of all the necessary data

– and a relevant validated analysisy



Which brings us back to Which brings us back to 
Chemoinformatics…Chemoinformatics…

This leads to the first problemThis leads to the first problem –– what chemistry datawhat chemistry dataThis leads to the first problem This leads to the first problem what chemistry data  what chemistry data  
is stored in the databases?is stored in the databases?

What we actually store is often a very reduced data set. What we actually store is often a very reduced data set. 
Examples are Smiles, SD files, pDB files, Inchi, etc..Examples are Smiles, SD files, pDB files, Inchi, etc..Examples are Smiles, SD files, pDB files, Inchi, etc.. Examples are Smiles, SD files, pDB files, Inchi, etc.. 
(and also, there is an industry in converting one file (and also, there is an industry in converting one file 
format to the other, see format to the other, see 
OpenBabel,OpenBabel,http://openbabel.org/wiki/Main_Pagehttp://openbabel.org/wiki/Main_Page ))
Here’s a couple of examplesHere’s a couple of examplesp pp p



Some examples of Smiles

OH
Very compact, clever,
Covers most organics

Fc1ccccc1O
orthofluorophenol

OH

F

Covers most organics,
Easy to interpret, widely
used

[O-][n+]1ccccc1
pyridine-N-oxide

N
+O

pyridine N oxide

O[C@H]1CCCC[C@H]1OH
H

OH
O[C@H]1CCCC[C@H]1O
cis-resorcinol

H
OH

CC(C)NCC(O)COc1cccc2ccccc12
O

OH

N
H ( ) ( )

Propranolol – a beta-blocker



An SD file of Alanine:  a common standard format; contains 
additional 3Dimensional and property information

x,y,z   symbol, mass diff, charge, stereo, h-count….



But, the future of chemical data But, the future of chemical data 
formats lies elsewhere…formats lies elsewhere…

These and other file formats have served us well for the lastThese and other file formats have served us well for the lastThese, and other file formats  have served us well for the last These, and other file formats  have served us well for the last 
twenty years. However, they (and others) are pretwenty years. However, they (and others) are pre--defined and defined and 
fixedfixed

They are not They are not extensible: extensible: This means they cannot be added to when This means they cannot be added to when 
new information appears, and they do not adhere to web new information appears, and they do not adhere to web 
standards, so important today for interoperability of software.standards, so important today for interoperability of software.standards, so important today for interoperability of software.standards, so important today for interoperability of software.

This has led to the development of Chemical Markup Language, This has led to the development of Chemical Markup Language, 
CML which is written and defined in the Web standard languageCML which is written and defined in the Web standard languageCML, which is written and defined in the Web standard language CML, which is written and defined in the Web standard language 
XML.XML.

Latest paper: S. Kuhn P. MurrayLatest paper: S. Kuhn P. Murray--Rust R. John Lancashire Henry S. Rzepa T.Rust R. John Lancashire Henry S. Rzepa T.Latest paper: S. Kuhn, P. MurrayLatest paper: S. Kuhn, P. Murray Rust, R. John Lancashire, Henry S. Rzepa, T. Rust, R. John Lancashire, Henry S. Rzepa, T. 
Helmusk, E. L. Willighagen, C. Steinbeck, "Chemical Markup, XML, and the World Helmusk, E. L. Willighagen, C. Steinbeck, "Chemical Markup, XML, and the World 
Wide Web. 7. CMLSpect, an XML vocabulary for spectral data", 2007, Wide Web. 7. CMLSpect, an XML vocabulary for spectral data", 2007, J. Chem. Inf. J. Chem. Inf. 
Mod.Mod., DOI: , DOI: 10.1021/ci600531a10.1021/ci600531a



The future of chemical dataThe future of chemical dataThe future of chemical dataThe future of chemical data

XML is extensibleXML is extensible
XML descriptions are appearing for most major sciences from Maths to XML descriptions are appearing for most major sciences from Maths to 
Geography to Toxicology to HTS…Geography to Toxicology to HTS…

Chemical information is traditionally stored in many different file types whichChemical information is traditionally stored in many different file types whichChemical information is traditionally stored in many different file types which Chemical information is traditionally stored in many different file types which 
inhibit inhibit reusereuse of the documents. CML uses XML's portability to help CML of the documents. CML uses XML's portability to help CML 
developers and chemists design interoperable documents. It is having a major developers and chemists design interoperable documents. It is having a major 
impact first, in publishing of scientific informationimpact first, in publishing of scientific information

CML is capable of supporting a very wide range (expanding) of chemical CML is capable of supporting a very wide range (expanding) of chemical 
concepts including:concepts including:

molecules molecules 
reactions reactions 
spectra and analytical data spectra and analytical data 
computational chemistry computational chemistry 
chemical crystallography and materials chemical crystallography and materials 



Here are a couple of examplesHere are a couple of examples
(available on the internet)(available on the internet)

Project Prospect at the Royal Society of Chemistry usesProject Prospect at the Royal Society of Chemistry usesProject Prospect at the Royal Society of Chemistry uses Project Prospect at the Royal Society of Chemistry uses 
CML and XML to add information to documents CML and XML to add information to documents –– the the 
documents are ‘Marked up’documents are ‘Marked up’

http://www.rsc.org/Publishing/Journals/ProjectProspect/Examples.asp

Crystaleye reads XCrystaleye reads X--ray data from documents and uses ray data from documents and uses 
XML to create a new  document with alerts of new XML to create a new  document with alerts of new 
structures (you can try this out)structures (you can try this out)
http://wwmm.ch.cam.ac.uk/crystaleye/http://wwmm.ch.cam.ac.uk/crystaleye/



http://www.rsc.org/Publishing/Journals/ProjectProspect/index.asp













An example with a patent (from Peter Corbett, developer of
the software OSCAR3)



The paper is pasted into the parser,



The chemistry is detected, annotated and converted to CML (note: the 
subsets of data types, experimental. Ontology term, reaction, etc.)



The highlighted chemical name is automatically detected, converted to CML,
and the structure and associated data is now added.

A poster and demonstration is available from Peter Corbett



Example: a search of PubMed for ‘grapefruit’ –
fetched 200 abstracts

- chemistry marked up



Search Form
(look for structures that contain(look for structures that contain
piperidine



Search ResultsSearch Results



A Similarity SearchA Similarity Search



A similarity search for compounds
“Lik Li ”“Like Limonene”



Moving on to StructureMoving on to Structure--
Activity/Property modelsActivity/Property modelsActivity/Property modelsActivity/Property models

-- some observationssome observations
The objective here is to relate measured or computed The objective here is to relate measured or computed 
parameters to some new property, e.g. bioactivity at a parameters to some new property, e.g. bioactivity at a 
target absorption melting point solubilitytarget absorption melting point solubilitytarget, absorption, melting point, solubility…target, absorption, melting point, solubility…

The first issue is data quality.The first issue is data quality.The first issue is data quality.The first issue is data quality.

Biological data is always problematic as it is often not Biological data is always problematic as it is often not 
bl l bl d l h bl bbl l bl d l h bl bpossible to reliably reproduce, isolate the variables, combine possible to reliably reproduce, isolate the variables, combine 

data. Physical data is easier to measure (in general) and there data. Physical data is easier to measure (in general) and there 
is a lot more of it.is a lot more of it.
Our experience with a common physical property, solubilityOur experience with a common physical property, solubility



How reliable are solubility data ?How reliable are solubility data ?

Caffeine solubilityCaffeine solubility
Temperature Temperature Solubility g/lSolubility g/l YearYear

2525 2.1322.132 1926 [1]1926 [1]
O

yy

2525
2525
2525

896.2 896.2 
21.021.0
49.7949.79

1985 [2]1985 [2]
2002 [3]2002 [3]

Merck IndexMerck IndexN

NN

N

O

O

2525
2525

18.6718.67
21.621.6

2005 [4]2005 [4]
SRC SRC PhysPropPhysProp

DatabaseDatabase

[1] Oliveri-Mandala, E. (1926), Gazzetta Chimica Italiana 56, 896-901
[2] Ochsner, A. B., Belloto, R. J., and Sokoloski, T. D. (1985), Journal of Pharmaceutical Sciences 74, 132-135

( ) f S[3] Al-Maaieh, A., Flanagan, D. R. (2002), Journal of Pharmaceutical Sciences 91, 1000-1008
[4] Rytting, Erik, Lentz, Kimberley A., Chen, Xue-Qing, Qian, Feng, Venkatesh, Srini.

AAPS Journal (2005),  7(1),  E78-E105.  



‘Solubility’ in the literature‘Solubility’ in the literatureSolubility  in the literatureSolubility  in the literature
Katritzky observed for a diverse set of  411 compounds an average standard deviation Katritzky observed for a diverse set of  411 compounds an average standard deviation 
of 0 58 log units Jorgensen and Duffy suggested the average uncertainty of 0 6 logof 0 58 log units Jorgensen and Duffy suggested the average uncertainty of 0 6 logof  0.58 log units. Jorgensen and Duffy suggested the average uncertainty of  0.6 log of  0.58 log units. Jorgensen and Duffy suggested the average uncertainty of  0.6 log 
units. For even simple compounds such as chlorobenzenes, measured solubility values units. For even simple compounds such as chlorobenzenes, measured solubility values 
vary by ca. 1.5 log units.vary by ca. 1.5 log units.

data can have wide ranges in the literature : guanine has data can have wide ranges in the literature : guanine has --3.58 and 1.86 3.58 and 1.86 –– take your pick.take your pick.
Recent study by Dearden, reRecent study by Dearden, re--measured 113 organic drugmeasured 113 organic drug--like compounds,like compounds,Recent study by Dearden, reRecent study by Dearden, re measured 113 organic drugmeasured 113 organic drug like compounds, like compounds, 

22 differed by >0.5 log unit22 differed by >0.5 log unit
9 differed by >1.0 log unit9 differed by >1.0 log unit
1 differed by >2.0 log units1 differed by >2.0 log units

Thus any computational method that gives estimates (usually based on SAR) betterThus any computational method that gives estimates (usually based on SAR) betterThus, any computational method that gives estimates (usually based on SAR) better Thus, any computational method that gives estimates (usually based on SAR) better 
than 0.5 log units is over fitted than 0.5 log units is over fitted –– many are!many are!
Dearden J.C. Expert Opin. Drug Discov. (2006), 1(1).Dearden J.C. Expert Opin. Drug Discov. (2006), 1(1).

The lit. data usually has no information on the experimental method, the material The lit. data usually has no information on the experimental method, the material y p ,y p ,
whose solubility is being studied, or the definition of  the reported solubility whose solubility is being studied, or the definition of  the reported solubility –– and and 
commonly, many datasets are combined to build models.commonly, many datasets are combined to build models.

In this case we have decided to create our own data and not to combine it withIn this case, we have decided to create our own data and not to combine it with
other literature data.



PotentiometricPotentiometric cycling method for very accurate and controlled cycling method for very accurate and controlled 
measurement of solubilitymeasurement of solubility

A Na A- ……….Na+ AHAH

S t t d S l tiSupersaturated Solution

Subsaturated Solution

Stuart, M., Box, K. Chasing equilibrium: 
measuring the intrinsic solubility of weak We use a Sirius measuring the intrinsic solubility of weak 
acids and bases. Anal. Chem. 2005, 77(4), 
983-990.

glpKa instrument
With a DPAS detector



Before beginningBefore beginningBefore beginningBefore beginning

This is obvious, but….Even if you use a preThis is obvious, but….Even if you use a pre--computedcomputedThis is obvious, but….Even if you use a preThis is obvious, but….Even if you use a pre computed computed 
model, check the data sourcesmodel, check the data sources

Are data compatible, and can they be combinedAre data compatible, and can they be combined
It often the case that nonIt often the case that non--compatible data are merged to create a compatible data are merged to create a 
database ‘large enough’ to do statistics ondatabase ‘large enough’ to do statistics on

Is there sufficient background information to determine theIs there sufficient background information to determine theIs there sufficient background information to determine the Is there sufficient background information to determine the 
model’s relevancemodel’s relevance

The ‘ontology’ of the information can be vital The ‘ontology’ of the information can be vital –– what were the units what were the units 
f t ? (i th l bilit l h i df t ? (i th l bilit l h i dof measurement ? (in the solubility example,  some have mixed up of measurement ? (in the solubility example,  some have mixed up 

ugug/ml and /ml and umolumol/ml/ml

Do they cover the ‘chemical property space’ requiredDo they cover the ‘chemical property space’ required
Are my compounds very different from those used in the model ?Are my compounds very different from those used in the model ?



So, if we have accurate data, 
what’s in a model ?what s in a model ?

Molecular database
Calculate/measure

molecular parameters

This is the most common
‘paradigm for molecular
analysis and prediction

Analysis

Prediction



What’s in a model ?What’s in a model ?What s in a model ?What s in a model ?

The objective is usually (in drug discovery) to select a molecule The objective is usually (in drug discovery) to select a molecule 
(e.g. molecular similarity) or predict a property of a molecule and (e.g. molecular similarity) or predict a property of a molecule and 
even explain the properties observed in another experiment.even explain the properties observed in another experiment.

***All models rely on the variance of the data******All models rely on the variance of the data***
***All models are susceptible to database bias******All models are susceptible to database bias***ode s a e s scept b e to database b asode s a e s scept b e to database b as

That is, the range of data values That is, the range of data values andand their distribution.their distribution.
If the points all had the same value they would be easy to look up thereIf the points all had the same value they would be easy to look up thereIf the points all had the same value, they would be easy to look up, there If the points all had the same value, they would be easy to look up, there 
would be no model and one prediction for everything would be no model and one prediction for everything 
The point is to extract a relationship between The point is to extract a relationship between calculablecalculable parameters and parameters and 
the property of interestthe property of interest
The design of the experiment to obtain the data is therefore very The design of the experiment to obtain the data is therefore very 
important (and often ignored) important (and often ignored) –– experimental design (experimental design (ChemometricsChemometrics can can 
help)help)



Methods to discover modelsMethods to discover modelsMethods to discover modelsMethods to discover models

Models are generated using statistical or machineModels are generated using statistical or machineModels are generated using statistical or machine Models are generated using statistical or machine 
learning methodslearning methods

Statistical methods usually rely on a normalStatistical methods usually rely on a normalStatistical methods usually rely on a normal Statistical methods usually rely on a normal 
distribution of the data and provide a fit to the data distribution of the data and provide a fit to the data 
while minimising the error in the fit.while minimising the error in the fit.gg
Are either supervised (e.g. regression) or Are either supervised (e.g. regression) or 
unsupervised (e.g. principal components)unsupervised (e.g. principal components)p ( g p p p )p ( g p p p )
Machine learning methods are usually heuristic based Machine learning methods are usually heuristic based 
and nearly all depend on local clustering and nearly all depend on local clustering 
(classification) (classification) –– There are lots of flavours…There are lots of flavours…



M d li di i l b bili d i

Methods  for Machine Learning….there are many……

Modeling conditional probability density 
functions: regression and classification

Artificial neural networks
Decision trees
G i i

Approximate inference techniques
Markov chain
Monte Carlo method
V i i l BGene expression programming

Genetic algorithms
Genetic programming
Dynamic programming
G i i

Variational Bayes
Variable-order Markov models
Variable-order Bayesian networks

Optimization
M f h d li d b i hGaussian process regression

Linear discriminant analysis
K-nearest neighbor
Minimum message length
P

Most of  methods listed above either use 
optimization or are instances of  optimization 
algorithms 
Meta-learning (ensemble methods)

B iPerceptron
Quadratic classifier
Radial basis function networks
Support vector machines

M d li b bili d i f i

Boosting
Bootstrap aggregating aka bagging 
Random forest
Weighted majority algorithm

I d i f d l i lModeling probability density functions
through generative models

Expectation-maximization algorithm
Graphical models including Bayesian 

k d M k R d Fi ld

Inductive transfer and learning to learn
Inductive transfer
Reinforcement learning
Temporal difference
M C l h dnetworks and Markov Random Fields

Generative Topographic Mapping
Monte-Carlo method

They can be traced back to the ID3 method of Ross Quinlan – worth a look



Some comments about making models Some comments about making models 
(i l d QSAR SAR QSPR )(i l d QSAR SAR QSPR )(includes QSAR, SAR, QSPR…)(includes QSAR, SAR, QSPR…)

The parameters used to predict a physical propertyThe parameters used to predict a physical propertyThe parameters used to predict a physical property The parameters used to predict a physical property 
(like solubility and (like solubility and logPlogP) compared to e.g. a binding ) compared to e.g. a binding 
affinity must often behave in a fundamentallyaffinity must often behave in a fundamentallyaffinity must often behave in a fundamentally affinity must often behave in a fundamentally 
different way.different way.
Reason: a property likeReason: a property like logPlogP inin octanoloctanol/water is/water isReason: a property like Reason: a property like logPlogP in in octanoloctanol/water is /water is 
consistent in that the medium doesn’t change. consistent in that the medium doesn’t change. 
However both the medium (the receptor) and theHowever both the medium (the receptor) and theHowever, both the medium (the receptor) and the However, both the medium (the receptor) and the 
ligandligand change upon binding and different change upon binding and different 
ligandligand/receptor combinations really require/receptor combinations really requireligandligand/receptor combinations really require /receptor combinations really require 
different models!different models!



Property behaviourProperty behaviour
So, in property space, we should expect behaviour that was So, in property space, we should expect behaviour that was 
consistent in that it was : linear, exponential, parabolic consistent in that it was : linear, exponential, parabolic –– i.e. i.e. 
predictablepredictablepredictablepredictable
However, in SAR space However, in SAR space –– it’s disjointed and, if we’re lucky, it’s disjointed and, if we’re lucky, 
clusteredclustered e.g. depending on the mode of binding (if you look at e.g. depending on the mode of binding (if you look at 
SAR predicted/measured plots in the literature, many join SAR predicted/measured plots in the literature, many join 
clusters and not compounds)clusters and not compounds)
So parameters must have the following ‘property’So parameters must have the following ‘property’So, parameters must have the following propertySo, parameters must have the following property

Small changes in the parameter should produce small changes in the bioSmall changes in the parameter should produce small changes in the bio--
activity (e.g. affinity)activity (e.g. affinity)
Large changes in the parameter can produce large or small changes in the Large changes in the parameter can produce large or small changes in the 
affinityaffinity
This is exactly how medicinal chemists optimise compoundsThis is exactly how medicinal chemists optimise compounds

Neighborhood Behavior: A Useful Concept for Validation of "Molecular Diversity" Descriptors Neighborhood Behavior: A Useful Concept for Validation of "Molecular Diversity" Descriptors 
Patterson, D. E.; Cramer, R. D.; Ferguson, A. M.; Clark, R. D.; Weinberger, L. E.Patterson, D. E.; Cramer, R. D.; Ferguson, A. M.; Clark, R. D.; Weinberger, L. E.
J. Med. Chem.; (Expedited Article); 1996; 39(16); 3049J. Med. Chem.; (Expedited Article); 1996; 39(16); 3049--3059. 3059. DOI: DOI: 10.1021/jm960290n10.1021/jm960290n



This is neatly summed up in this paper, which This is neatly summed up in this paper, which 
l d di i d i il il d di i d i il ianalysed diversity and similarityanalysed diversity and similarity

Neighborhood Behavior: A Useful Concept for Validation of "Molecular Diversity" Neighborhood Behavior: A Useful Concept for Validation of "Molecular Diversity" 
DescriptorsDescriptorsDescriptors Descriptors 
Patterson, D. E.; Cramer, R. D.; Ferguson, A. M.; Clark, R. D.; Weinberger, L. E.Patterson, D. E.; Cramer, R. D.; Ferguson, A. M.; Clark, R. D.; Weinberger, L. E.
J. Med. Chem.; (Expedited Article); 1996; 39(16); 3049J. Med. Chem.; (Expedited Article); 1996; 39(16); 3049--3059. 3059. DOI: DOI: 
10.1021/jm960290n10.1021/jm960290n



SoSo –– does (Q)SAR work ?does (Q)SAR work ?So So does (Q)SAR work ?does (Q)SAR work ?

Yes, for localised sets of compoundsYes, for localised sets of compounds –– often simpleoften simpleYes, for localised sets of compounds Yes, for localised sets of compounds often simple often simple 
parameters, if spatially localised and linearly dependant, parameters, if spatially localised and linearly dependant, 
will e.g. provide a useful regressionwill e.g. provide a useful regression
A mistake is often to use a dataset of molecules and A mistake is often to use a dataset of molecules and 
their activities that actually requires their activities that actually requires multiple models multiple models 

Another is to rely on vast numbers of parameters and Another is to rely on vast numbers of parameters and 
model selection such as cross validation. I’m not a great model selection such as cross validation. I’m not a great 
fan of ‘ lets use all the available parameters and crossfan of ‘ lets use all the available parameters and cross--

lid i ill h d ’lid i ill h d ’validation will save the day’validation will save the day’



OverfittingOverfitting and cross validationand cross validationOverfittingOverfitting and cross validation and cross validation 

The Problem of The Problem of OverfittingOverfittinggg
Hawkins, D. M.Hawkins, D. M.
J. Chem. Inf. J. Chem. Inf. ComputComput. Sci.; (Perspective); 2004; 44(1); 1. Sci.; (Perspective); 2004; 44(1); 1--
1212 DOI:DOI: 10 1021/ci034247210 1021/ci034247212. 12. DOI: DOI: 10.1021/ci034247210.1021/ci0342472
Assessing Model Fit by CrossAssessing Model Fit by Cross--Validation Validation 
Hawkins, D. M.; Hawkins, D. M.; BasakBasak, S. C.; Mills, D., S. C.; Mills, D.
J. Chem. Inf. J. Chem. Inf. ComputComput. Sci.; (Article); 2003; 43(2); 579. Sci.; (Article); 2003; 43(2); 579--586. 586. DOI: DOI: 
10.1021/ci025626i10.1021/ci025626i
QSAR with Few Compounds and Many FeaturesQSAR with Few Compounds and Many FeaturesQSAR with Few Compounds and Many Features QSAR with Few Compounds and Many Features 
Hawkins, D. M.; Hawkins, D. M.; BasakBasak, S. C.; Shi, X., S. C.; Shi, X.
J. Chem. Inf. J. Chem. Inf. ComputComput. Sci.; (Article); 2001; 41(3); 663. Sci.; (Article); 2001; 41(3); 663--670. 670. DOI: DOI: 
10.1021/ci000117710.1021/ci0001177



A simple model example, again A simple model example, again 
i l bilii l bili

The failure to account for the influence of the solid state on solubilityThe failure to account for the influence of the solid state on solubility

using solubilityusing solubility

The General Solubility Equation is a rare examples that does.  The General Solubility Equation is a rare examples that does.  
LogSLogS = 0.8 = 0.8 -- logPlogP -- 0.01(MP0.01(MP--25)25)

(from Wassvik, C. Uppsala Pharmaceutical Profiling Conference)



Random Forest models from solubility data : interestingly, minor improvement using 
QSPR methods even using the accurate data. A full thermodynamic cycle also gives

Random Forest Models To Predict Aqueous Solubility. Palmer, David S.; O'Boyle, Noel M.; Glen, Robert 
C.; Mitchell, John B. O.. Journal of Chemical Information and Modeling  (2007),  47(1),  150-158.

QSPR methods even using the accurate data. A full thermodynamic cycle also gives 
minor improvement.

Predicting Intrinsic Aqueous Solubility by a Thermodynamic Cycle (published in  Molecular Pharmaceutics)
David S. Palmer, Antonio Llinàs, Iñaki Morao, Graeme M. Day, Jonathan M. Goodman, Robert C. Glen, John B. O. Mitchell



In collaboration with JCIM we are running a In collaboration with JCIM we are running a 
i ii icompetitioncompetition

We have deposited 100 very accurate solubilities using We have deposited 100 very accurate solubilities using 
p t ti t i th dp t ti t i th dour potentiometric method.our potentiometric method.

We have additionally, measured 40 but not disclosed the We have additionally, measured 40 but not disclosed the 
solubilitiessolubilitiessolubilitiessolubilities
We challenge groups to predict the 40 using their We challenge groups to predict the 40 using their 
favourite methodfavourite methodfavourite methodfavourite method
First publication in press First publication in press –– want to enter ?want to enter ?



Sources of information on Sources of information on 
ChemoinformaticsChemoinformatics

Gasteiger J.(Editor), Engel T.(Editor): Chemoinformatics : A Textbook. John Gasteiger J.(Editor), Engel T.(Editor): Chemoinformatics : A Textbook. John 
Wil & S 2004 ISBN 3Wil & S 2004 ISBN 3 527527 3068130681 11Wiley & Sons, 2004, ISBN 3Wiley & Sons, 2004, ISBN 3--527527--3068130681--1 1 
A.R. Leach, V.J. Gillet: An Introduction to Chemoinformatics. Springer, A.R. Leach, V.J. Gillet: An Introduction to Chemoinformatics. Springer, 
2003, ISBN 12003, ISBN 1--40204020--13471347--7 7 
Encyclopedia of Computational Chemistry, 5 volumes, ISBN: 0Encyclopedia of Computational Chemistry, 5 volumes, ISBN: 0--471471--9658896588--XXy p p y, ,y p p y, ,
Chemoinformatics in Drug Discovery. Tudor I. Oprea (Editor), Raimund Chemoinformatics in Drug Discovery. Tudor I. Oprea (Editor), Raimund 
Mannhold (Series Editor), Hugo Kubinyi (Series Editor), Gerd Folkers (Series Mannhold (Series Editor), Hugo Kubinyi (Series Editor), Gerd Folkers (Series 
Editor). 2005. ISBN: 978Editor). 2005. ISBN: 978--33--527527--3075330753--11
P t r Ertl P l S lz r d Jör Mühlb h r W bP t r Ertl P l S lz r d Jör Mühlb h r W b b d h i f r tib d h i f r tiPeter Ertl, Paul Selzer and Jörg Mühlbacher WebPeter Ertl, Paul Selzer and Jörg Mühlbacher Web--based cheminformatics based cheminformatics 
tools deployed via corporate Intranets. Drug Discovery Today: BIOSILICO, tools deployed via corporate Intranets. Drug Discovery Today: BIOSILICO, 
Volume 2, Issue 5, September 2004, Pages 201Volume 2, Issue 5, September 2004, Pages 201--207.207.
http://www.cheminformatics.org/http://www.cheminformatics.org/
http://www.emolecules.com/doc/cheminformaticshttp://www.emolecules.com/doc/cheminformatics--101.htm101.htm
http://www.raell.demon.co.uk/chem/cheminformatics/index.htmhttp://www.raell.demon.co.uk/chem/cheminformatics/index.htm
….lots more….lots more
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