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The QSAR method, using multivariate statistics, was developed by Hansch and Fujita, and it 
has been successfully applied to many drug and agrochemical design problems. As well as speed 
and simplicity QSAR has advantages of being capable of accounting for some transport and 
metabolic processes which occur once the compound is administered. 

Until recently QSAR analyses have used relatively simple molecular descriptors based on 
substituent constants (e.g. ,  Hammett constants, s, or molar refractivities), physicochemical 
properties (e.g., partition coefficients), topological indices (e.g., Randic and Weiner indices). 
Recently several new representations have been devised: atomistic; molecular eigenvalues and 
BCUT indices derived therefrom; E-state fields; topological autocorrelation vectors; various 
molecular fragment-based hash codes. These representations have advantages in speed of 
computation, in more accurately representing molecular properties most relevant to activity, or 
in being more generally applicable to diverse chemical classes acting a t  a common receptor, than 
traditional representations. 

Historically, linear regression methods such as MLR (multiple linear regression) and PLS 
(partial least squares) have been used to develop QSAR models. Regression is an "ill-posed" 
problem in statistics, which sometimes results in QSAR models exhibiting instability when 
trained with noisy data. In addition traditional regression techniques often require subjective 
decisions to be made on the part of the investigator as to the likely non-linear relationship 
between structure and activity, and whether there are cross-terms. Regression methods based on 
neural networks offer some advantages over MLR methods as they can account for non-linear 
SARs, and can deal with linear dependencies which sometimes appear in real SAR problems. 
However, some problems still exist in the development of SAR models using conventional 
backpropagation neural networks. 

We have used a specific type of neural network, the Bayesian Regularized Artificial Neural 
Network (BRANN), in the development of SAR models. The advantage of BRANN is that the 
models are robust and the validation process, which scales as O(N2) in normal regression 
methods, is unnecessary. These networks have the potential to solve a number of problems 
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244 D. A. WINKLER AND F. R. BURDEN 

which arise in QSAR modelling such as: choice of model; robustness of model; choice of 
validation set; size of validation effort; and optimization of network architecture. The appli- 
cation of the methods to QSAR of compounds active at the benzodiazepine and muscarinic 
receptors will be illustrated. 

Keywords: QSAR; neural nets; Bayes’ Theorem; drug design; molecular descriptors 

INTRODUCTION 

The phenomenal growth of computer technologies in the last decade [l] has 
been paralleled by the development of new methods for the design of 
bioactive agents. Concurrently, the development of important new techno- 
logies such as molecular biology and combinatorial chemistry has promised 
enormous increases in the amount of biological target information and 
structure-activity data which is available for drug design [2,3]. 

Within the last decade, computer-aided molecular design methods have 
matured [4] and they are now responsible for an increasing number of new 
drugs reaching clinical trial. Recent developments include: the use of neural 
networks and genetic algorithms for variable selection and structure-activity 
mapping; novel 2D and 3D molecular representations; the use of similarity 
and diversity measures [5]; the simulation of combinatorial synthesis and 
high throughput screening via ‘virtual receptor’ design and intelligent 
database searching; new algorithms for ligand docking and ligand design; 
protein homology and motif modelling [6] .  These have proven very useful 
for understanding relationships between biological activity and molecular 
structure and for facilitating the design of new drugs, pesticides and bio- 
logical macromolecules. A recent, seminal example is the work of Colman 
and von Itzstein and coworkers in the rational design of neuriminidase 
inhibitors as anti-influenza drugs [7]. Molecular modelling approaches are 
described in other symposium papers and the intention in this work is to 
focus on new QSAR methods. 

This paper reviews our recent work on three of these developments: novel 
molecular representations; Bayesian regularized neural networks; and the 
simulation of combinatorial chemistry, and their application to bioactive 
compound discovery. 

DRIVERS FOR CHANGE 

Historically, new bioactive molecules have been discovered by one of several 
methods [8]: exploratory chemical synthesis; screening of natural products; 
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ROBUST QSAR MODELS 245 

chemical analoguing of lead compounds; observation of side effects; seren- 
dipity. 

Although these methods have been very successful, accounting for the 
large majority of drugs and agrochemicals discovered to date, they are 
becoming increasingly expensive and time-consuming. As the activity of 
newly introduced bioactive products increases, it becomes more difficult to 
discover new chemical entities with substantial advantages. Clearly it has 
become very important to find new methods for extracting useful molecular 
design information from the large amounts of structure-activity data. 

QSAR Methods 

QSAR attempts to quantify the mapping of molecular structural or 
physicochemical parameters to biological activity. The method using multi- 
variate statistics was developed by Hansch and Fujita in the 1960s [9] and 
it has been successfully applied to many drug and agrochemical design 
problems. 

QSAR has advantages of speed and simplicity and it can, in some cases, 
account for transport and metabolic processes which occur once the com- 
pound is administered. Hence, the method is often applicable to the analysis 
of in vivo or toxicological data. However classical QSAR has limitations 
in that it cannot handle stereoisomers, cannot find models for compounds 
where the base structure varies widely, it relies on non-linear dependencies 
and interaction terms between the parameters being provided and QSAR 
analyses can be difficult to interpret in terms of mechanism at the molecular 
level [lo]. The new QSAR methods, 3D QSAR and neural nets, have been 
developed in an attempt to overcome some of these shortcomings. 

NEW MOLECULAR REPRESENTATIONS 

Many types of molecular representation have been proposed, from Hansch 
parameters (u, T,  MR, log P etc.) to chemical graph-based methods [l 1 - 131. 
Recently several new representations have been devised: molecular eigen- 
values [ 141; E-state fields [ 1 11; topological autocorrelation vectors [ 151; vari- 
ous molecular fragment-based hash codes [ 16 - 181; and molecular holograms 
119,201. These representations may have advantages over traditional re- 
presentations in their speed of computation, in more accurately representing 
molecular properties most relevant to receptor activity, or in being more 
generally applicable to diverse chemical classes acting at a common 
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246 D. A. WINKLER AND F. R. BURDEN 

receptor. One of our major research interests is the discovery of new, com- 
putationally efficient, information rich molecular descriptors and we review 
our recent work in this area. 

Atomistic Representations 

In this deceptively simple approach [ 161, molecules are represented simply 
by counting the numbers of atoms of specific elemental type, with specific 
numbers of connections (a measure of the hybridization). For instance a 
carbon atom with four connections is denoted C4, those with three 
connections C3 etc., and the numbers of atoms of each type can be totalled. 
Figure 1 illustrates an encoding example. 

Although simple this representation is adequate to encode not only 
physicochemical parameters, such as lipophilicity and molar refractivity, but 
also biological activity (DHFR inhibition [16]). It has been shown to be a 
surprisingly good index for such a simple representation and it must be 
inferred that it encapsulates inherent information about the molecular 
structure. Its main failing is that isomers are represented by the identical 
indices and that the full molecular geometry is under represented. 

Molecular Eigenvalues 

A previous version of this eigenvalue index [ 141 has been developed further 
by Pearlman to become the BCUT (Burden, CAS, University of Texas) 

FIGURE 1 Example representation of tetrazepam. 

D
o
w
n
l
o
a
d
e
d
 
A
t
:
 
1
8
:
5
7
 
1
4
 
J
a
n
u
a
r
y
 
2
0
1
1



ROBUST QSAR MODELS . 241 

index [21]. The eigenvalue indices can be thought of as quantifying the most 
electronegative and electropositive atoms in the molecules. This comes 
about because the diagonal elements of the modified adjacency matrix have 
been ascribed atom specific values while the off-diagonal elements have 
values proportional to the bond orders. The diagonalization process in effect 
ascribes the bond electrons back to the atoms (the trace of the matrix 
remaining invariant). We are studying new eigenvalue indices formed from 
molecular matrices representing steric, and lipophilic properties of mol- 
ecules and their topologies. 

Functional Group Representations 

Another simple representation comes out of the work of Andrews and his 
coworkers [22] on deducing the relative contributions of functional groups 
in molecules to the binding of ligands to receptors. There is some overlap 
with the atomistic representation of Burden, but the focus of the work was 
the decomposition of molecules into functional group motifs capable of 
interacting with receptors. These functional groups were derived from 200 
drug molecules of diverse structure binding to a diverse range of receptors 
and are likely to be of general applicability. The functional group repre- 
sentations found to be statistically significant in Andrews’ analyses were: 
CO;, PO$-, N+, N, OH, C=O, O j S  ethers, halogens, Csp3, Csp2 and an 
entropic term related to the number of freely rotatable bonds in the mole- 
cule. As in Burden’s atomistic approach, the molecule is simply broken down 
into it’s constituent numbers of functional groups, which are then used 
as a representation. We are extending this work by extending the range of 
atom types used, including rings and hydrogen bond donors and acceptors. 
We are also exploring new topological indices based on paths between 
functional groups rather than atoms. 

Molecular Multiple Moments 

The above representations are simple to implement for very large numbers 
of compounds with diverse structures. However, a recent paper by Platt and 
Silverman [23] introduced a another representation which is intuitively 
appealing. They generated the zero-, first- and second-order molecular 
multipole moments with respect to atomic mass, and charge. A previous 
paper [24] provided a method of defining a rotationally invariant frame of 
reference for the second order mass moment (the principle moments of 
inertia with respect to the centre of mass) and second order charge moment 
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(the electric quadrupole moment with respect to the “centre of dipole”). 
They utilized this representation to carry out 3D QSAR (the COMMA 
method). This method has the advantage over simple representations of 
accounting for 3D properties of molecules, such as shape, isomerism and 
conformation albeit at greater computational expense. We have extended 
this work by replacing the mass moments with pseudo mass moments 
correlating more strongly with molecular volumes, and by generating 
analogous ‘lipophilic’ molecular multipole moments (hydropoles), utilizing 
the hydrophobic atom constant approach of Abraham and Leo [25]. Such 
hydropole moments may find application to a wide range of QSAR 
problems, by analogy with the application of the HINT! lipophilic fields in 
CoMFA [XI .  

Molecular Holograms 

The molecular hologram descriptors were derived from a common strategy 
to increase the efficiency of database searching by translation of chemical 
structure representations into bit strings (molecular fingerprints). Several 
approaches to fingerprinting have been implemented within commercial 
software [ 181. 

Fingerprints are generated using a combination of the keyed and hashed 
fingerprinting approaches. The hashed fragments encode all unique linear, 
branched, and cyclic fragments, including overlapping fragments. Typically 
fragments of size 4 to 7 atoms, ignoring hydrogen atoms, are generated and 
hashed into bins of the fingerprint. Each corresponding fragment is then 
mapped to a pseudo-random integer in the range 0 to 231 using the CRC 
(cyclic redundancy check) algorithm. The integer generated by the CRC 
algorithm is unique and reproducible for each and every unique molecule. 
The hashing then occurs by folding the pseudo-random integer for a 
particular molecule into the bin range defined. Since the length of the bit 
string is considerably smaller than the integer to which the molecule is 
mapped, it is possible for different molecules to hash to the same bin (a 
‘collision’). Unique fragments are always hashed into the same bin. 
Hologram lengths are usually prime numbers so as to minimize collisions. 
Rather than just setting bits in each bin, a molecular hologram retains a 
count of the number of times each bin is set. In the case of the hashed 
fingerprint, the representation is purely binary, whereas in the case of the 
hologram, the bins contain information about the number of fragments 
hashed into each bin. The selection of the hologram length leading to the 
“best” HQSAR is based on that PLS analysis that gives either the highest 
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cross validated r2 or the lowest standard error associated with the cross 
validation analysis. 

Complexity of Representations 

It appears that the complex interrelationships between elements of a simple 
molecular representation may be capable of encoding subtle molecular 
structural elements. There is much information implied in the representa- 
tion. For example, a compound which contains a single sp2 carbon atom 
and an single sp2 oxygen atom must contain a carbonyl group. Thus, the 
presence of the carbonyl group is implied in an atomistic representation. 
The previous analyses of these data also suggest that significant non- 
linearity exists in the data set. These non-linearities may relate to higher 
order representations implicit in the data. These concepts have been dis- 
cussed by Kier and Hall [ l l] .  Brown and Martin [27] also found consider- 
able inherent or latent information relevant to the forces of ligand-receptor 
binding in their fragment-based structural descriptors. Our results suggest, 
not surprisingly, that larger, more complex fragment descriptors are better 
able to encode information relevant to ligand-protein binding, than smaller, 
atom- or functional group-based fragments. 

Molecular holograms, eigenvalue descriptors, molecular multipole mo- 
ments, chemical graph theory, and several other developments have signifi- 
cantly improved the mathematical description of molecules for use in SAR 
studies and rational design. 

STRUCTURE-ACTIVITY MAPPING 

Finding structure-activity relationships is essentially a regression or pattern 
recognition process. Historically, linear regression methods such as MLR 
(multiple linear regression), PCR (principal component regression), and 
PLS (partial least squares) [28] have been used to develop QSAR models. 
Regression is an “ill-posed” problem in statistics, which sometimes results in 
QSAR models exhibiting instability when trained with noisy data. In 
addition traditional regression techniques often require subjective decisions 
to be made on the part of the investigator as to the likely functional (e.g., 
non-linear) relationships between structure and activity. It is important that 
QSAR methods be quick, give unambiguous models, not rely on any 
subjective decisions about the functional relationships between structure 
and activity, and be easy to validate. 
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Neural Networks 

Structure-activity relationships may be modelled by other pattern recogni- 
tion methods such as artificial neural networks (ANN) [29]. In most 
instances ANNs have proven to be better than MLR, PCR or PLS because 
of their ability to handle nonlinearities in the activity surfaces. The parallel 
processing nature of the ANNs give them the characteristics of speed, 
reliability and generalisation. Networks can produce reasonable results even 
when some input data are missing or inaccurate, and they can generalize 
well when faced with new data outside its normal range of training. They do 
not require any assumptions to be made about the nature of the functional 
relationships between molecular descriptors and the mechanical, chemical or 
biological property being mapped. They produce better SAR models, since 
they are able to model complicated activity surfaces better than conven- 
tional (linear) methods. The backpropagation neural net will be discussed 
here, as it is the type most widely applied to QSAR problems [30]. 

The dispersal of knowledge over the whole of the entire network is one of 
the main reasons why the networks are excellent at pattern recognition. 
Analysis of the distribution of connection weights has shown that, after 
training, various parts of the network specialize in detecting specific parts of 
a pattern to be recognized [31]. 

The non-linear output from each neuron is another important feature of 
ANNs. If many neurons each with non-linear inputs and outputs are 
interconnected then the network essentially becomes a universal mathema- 
tical function approximator or model free mapping device [32]. Hence, 
ANNs are useful in predicting results from complex data interactions 
involving multiple variables where the inter-relationships among them are 
complex, non-linear, poorly understood or fuzzy. 

Neural network training can be regularized, a mathematical process 
which converts the regression into a well-behaved, “well-posed’’ problem. 
The mathematics of ‘well-posedness’ and regularization can be found in the 
papers by Hadamard and Tikhonov [33]. Feed forward, backpropagation 
neural nets still present some problems, principal of which are overtraining, 
overfitting, network architecture optimization, and selection of the best 
QSAR model. Overtraining results from running the neural network 
training for too long and results in a loss of ability of the trained net to 
generalize. Overtraining can be avoided by used of a validation set. 
However, the effort to cross validate QSAR models scales as O(N2P2) [34], 
where N is the number of data points and P is the number of input 
parameters. Where the training data set is large and diverse, as may occur in 
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combinatorial discovery, this can result in a prohibitively large validation 
times. Validation procedures also produce a family of similar QSAR models 
and it is not clear which of these models is preferred, or how they may be 
combined to give the ‘best’ model. It is also not obvious which neural net 
architecture (e.g., number of hidden layers; number of nodes per hidden 
layer; fully connected or not) gives the best QSAR model necessitating an 
additional architecture optimization step. Overfitting results from the use 
of too many adjustable parameters to fit the training data and is avoided by 
use of test sets of data, not used in the training and validation steps. 

Bayesian Regularized Neural Nets 

Recently, we showed [35-371 how to produce robust QSAR models using a 
special type of neural network, a Bayesian regularized artificial neural 
network (BRA”). These types of neural network have found applicability 
in numerous other areas of data modelling but, with a very recent exception 
[38], have not been used for drug design. Bayesian regularized neural 
networks offer substantial advantages in QSAR analysis compared with 
other methods such as conventional backpropagation neural networks and 
regression techniques. 

The Bayesian method is summarized in the papers by Mackay [39] and 
Buntine and Weigend [40] and only a brief summary will be provided here. 
Bayesian methods are optimal methods for solving learning problems. Any 
other method not approximating them should not perform as well on aver- 
age [40]. They are very useful for comparison of data models (something 
orthodox statistics cannot do well) as they automatically and quantitatively 
embody “Occam’s Razor”. Complex models are automatically self-penal- 
izing under Bayes’ Rule [40]. Bayesian methods are complementary to neu- 
ral networks as they overcome the tendency of an over-flexible network to 
discover non-existent, or overly complex data models. 

Unlike a standard backpropagation neural network training method 
where a single set of parameters (weights, biases, etc.) are used, the Bayesian 
approach to neural network modelling considers all possible values of 
network parameters weighted by the probability of each set of weights. 
Bayesian inference is used to determine the posterior probability distribu- 
tion of weights, and related properties from a prior probability distribution 
according to updates provided by the training set using the BRA” model. 
Where orthodox statistics provide several models with several different 
criteria for deciding which model is best, Bayesian statistics only offers one 
answer to a well-posed problem. 
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Bayesian methods can simultaneously optimize the regularization con- 
stants in neural nets, a process which is very laborious using cross valida- 
tion. There is no better method for reliably finding and identifying better 
models using only the training set [39]. 

SIMULATION OF COMBINATORIAL DISCOVERY 

The development of combinatorial chemistry, and the resultant large in- 
creases in the numbers of chemical entities screened for drug activity, has 
resulted in a paradigm shift in the way new drug leads are discovered. It is 
now possible to generate millions of chemical analogues in a relatively short 
time with greatly reduced effort. Rapid screening techniques have necessarily 
emerged to keep pace with the generation of new combinatorial libraries. 

As powerful as these new methods of combinatorial and mass screening 
are, they are still only capable of accessing a very tiny part of the ‘universe’ 
of possible chemistries estimated to lie in the range from LO6’- This 
recognition is driving the quest for methods of simulation of combinatorial 
synthesis and high throughput screening ‘in silico’. Methods to allow 
exploration of much larger region of combinatorial space would be of 
considerable interest in allowing a focusing of the combinatorial chemistry 
effort into chemical species with inherent novelty and receptor efficacy. 

We have developed a QSAR-based ‘virtual receptor’ which allows rapid 
screening of very large (potentially up to 10l2 compounds) virtual com- 
binatorial libraries [36]. We employ computationally efficient, information 
rich molecular representations, coupled with neural networks, to generate 
our virtual receptors. Related work [29] has given indirect support to these 
concepts in showing that ANNs could provide a pharmacophore model. 
A similar flexible pharmacophore model of another receptor type has recent- 
ly been described using a genetic algorithm approach [41]. 

APPLICATIONS OF CONCEPTS 

Holographic QSAR of Benzodiazepines 

Benzodiazepines have been used therapeutically as anxiolytics, as tranquil- 
lisers, and as anticonvulsants in epilepsy. They act via the benzodiazepine 
site (BzR) on the y-aminobutyric acid receptor (GABAA) family, at which 
many other classes of compounds also bind e.g., benzodiazepines, 
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arylpyrazolo-quinolines, P-carbolines, imidazo-pyridazines, cyclopyrro- 
lones. We have used molecular holograms to generate QSAR models for 
a set of benzodiazepines active at the GABAA receptor [19]. We compared 
the relative performance of molecular hologram representations with other 
traditional representations of structures, and assessed the influence of holo- 
gram fragment size on the validity of the model. 

The data set used was a set of fifty-seven 1,4-benzodiazepin-2-ones (Scheme 
2) [42]. This data set has been analyzed by several groups [43,29,17] using 
a number of molecular representations and SAR mapping techniques. 

We found the quality of the model increases as the size of fragments 
and fragment complexity increases. The cross validated squared correlation 
coefficient q2 was 0.784 and a training squared correlation coefficient r2 was 
0.982 with standard error = 0.119 for the best holographic QSAR model. 
We also found that a unit length molecular hologram and the atomis- 
tic representation used by Winkler et al. [17] are encoding similar informa- 
tion. Neural net models gave much better cross validated statistics than did 
PLS studies suggesting that linear regression methods are not capable of 
accounting for interactions between parameters and non linearity in the 
structure-activity response surface. 

Benzodiazepine QSAR Models Using Bayesian Neural Nets 

We recently reported [37] the use of Bayesian regularized neural nets to 
develop robust QSAR models for a series of benzodiazepines active at the 

R1 

FIGURE 2 General benzodiazepine structure. 
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GABAA binding site of the benzodiazepine receptor (BzR). We used two 
benzodiazepine data sets, the 55 member set used in the holographic QSAR 
study above, and a considerably larger and more diverse set containing 245 
compounds. The latter compounds do not have a common sub-structure 
so that the nature of the molecular indices used in forming the model was 
more important. The study used Randic/Kier and Hall topological indices 
and atomistic descriptors to produce a robust QSAR model. The smaller 
data set, which had a low experimental error, gave a training r2 of 0.91 and 
a test set q2 value of 0.82, which compared favourably with the quality of 
the models derived by others using a less stringent leave-one-out (LOO) 
cross validation procedure. Our models were validated using a test set not 
employed in training. We found that the QSAR model was independent of 
the number of hidden layer nodes beyond 4 in the Bayesian neural. 

Bayesian neural net analysis of the larger, more diverse, but lower quality 
data set also produce a good QSAR model, although the test set q2 value 
of 0.69 was lower than for the smaller set. 

MI Muscarinic QSAR Model Using Bayesian Neural Nets 

We recently reported [37] the use of Bayesian regularized neural nets to 
develop robust QSAR models for a diverse series of compounds active at the 
postsynaptic M muscarinic receptor site. Muscarinic compounds are used 
in the treatment of memory related problems such as Alzheimer’s disease. 
The 162 compounds in this data set did not have a common sub-structure 
but fell into small subsets with common structures. The study used Randic/ 
Kier and Hall topological indices and atomistic descriptors to produce 
a robust QSAR model. The test set for the best QSAR model produced a 
q2 of 0.63 and a training r2 of 0.70. The Bayesian neural net produced a 
much better model than a PLS analysis, indicating that the response sur- 
face contains significant nonlinearity. Again, the model was robust, with 
successive training sessions producing virtually identical QSAR models. 

Virtual Receptors 

We applied some of the new fragment-based molecular representations, and 
neural networks to the concept of virtual receptors. We used two simple 
representations: the atomistic representation [ 161; the functional group- 
based representation [22]. 

A data set was compiled from the literature [42,44 - 5 11. It consisted of 321 
compounds of diverse structure: benzodiazepines, arylpyrazolo-quinolines, 
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/3-carbolines, imidazo-pyridazines, cyclopyrrolones. These were broken up 
into two sets: 21 compounds served as the test set, whilst the other 300 
compounds formed the training/validation sets. 

A 5-layer 21:8:5:3:1 network proved to be most successful at modelling 
the data as it had the lowest predictive error. A sample output from a 
21:8:5:3:1 neural network is shown in Figure 3. 

The resulting virtual receptor was used to screen a virtual combinatorial 
library simulated by 40,000 compounds from the Maybridge chemical 
database. Several compounds were predicted to have high affinity for the 
benzodiazepine receptor and their activity is being investigated. We are 
continuing to develop our methods of simulating combinatory discovery by 
developing better representations and screening larger databases represent- 
ing virtual chemical libraries. These tools will enable very large databases 
(those containing > 1012 compounds currently exist) to be screened and a 
much smaller library with a greater population of potential leads to be 
obtained. These enriched libraries can then be assessed by more accurate, 
but computationally demanding methods such as docking, or synthesized 
directly by combinatorial chemistry. 
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FIGURE 3 
training set; dark grey = validation set; light grey = test set. (See Color Plate IV). 

Output from a 21:8:5:3:1 network representing a Bz virtual receptor. Black = 
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